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ABSTRACT 
 
Flowering  determines  plant’s  survival  and  reproductive  success.  Flowering  transition  is  triggered  
by coincidence of various external and internal cues. The overall purpose of this thesis was to 
explore the flowering gene networks in soybean through an RNASeq based transcriptome 
analysis. 
Chapter One discusses the effect of three photoperiod treatments, short day (SD), long day (LD) 
and shift from 3 weeks LD to 1 week SD on six domesticated varieties of Glycine max; a reference 
variety, Williams 82, Clark  and  it’s  four  NILs  that  are  polymorphic  for  E  loci  (E1,  E2,  E3,  and  E5)  
and a soybean ancestor, Glycine soja. Samplings were performed at three time points in a day: early 
morning (6:30), afternoon (14:30), and evening (22:30), with three biological replicas. By 
performing different pairwise comparisons of NILs, the probable roles of different E loci had also 
been demonstrated. 
 
Chapter Two discusses the exploration and reconstruction of flowering gene networks in soybean 
using two approaches like gene gene co-expression (using Pearson correlations) and Graphical 
Gaussian Models (GGM) (using partial correlations). To argument the obtained networks, we 
performed a comparative analysis with the known transcription factor – target information 
available from the Arabidopsis Gene Regulatory Information Server (AGRIS). 
 
Chapter Three describes an effort to understand the complex networks of interactions among 
Arabidopsis genes by identifying network motifs. Transcriptional regulatory networks are 
classified into developmental transcriptional networks (DTNs), which work on longer time scales 
with sensory transcriptional networks (STNs) that work on smaller timescales. We used 
flowering gene network as a representative of DTNs and compared with four other gene 
networks (STNs), using the gene interactions from AGRIS. Since AGRIS networks were sparse 
we augmented them using CASPIAN which helped identify some interesting motifs 
(significantly detected) in flowering genes dataset.  
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Chapter  1 
TRANSCRIPTOME ANALYSIS OF PHOTOPERIODIC FLOWERING IN 
SOYBEAN  
 
ABSTRACT 
 
Flowering  is  a  key  trait  that  determines  plant’s  survival  and  productivity.  Maturity  loci,  E1  - E7, 
are known to affect flowering time in a short-day flowering plant soybean (Glycine max). 
Transcriptome analysis was performed using Glycine max variety Clark and four NILs that are 
polymorphic for E loci (E1, E2, E3, and E5), as well as the reference variety, Williams 82, and a 
soybean ancestor, Glycine soja. Three day-length treatments were used; 3 weeks short day (SD: 
10 hr light / 14 hr dark), 3 weeks long day (LD: 16 hr light / 8 hr dark), and a shift from 3 weeks 
LD to 5 days SD. Samplings were performed at three time points in a day: early morning (6:30), 
afternoon (14:30), and evening (22:30), with three biological replicas. Total 189 RNA samples 
were sequenced by Illumina. Using updated soybean transcripts from phytozome (v1.1) with 
54,175 gene models, we found that 49,621 out of 54,175 (91.5%) genes expressed at an RPKM 
of 0.1 or more (in at least 1 sample). The number of genes expressed was higher under SD than 
LD with shift being intermediate. 32,428 (64.2 %) genes demonstrated rhythmic expression 
(FDR < 0.05). Differentially expressed genes (DEG) were higher in SD followed by shift and 
SD. Expression based clustering indicated conserved function of GI, CO and FT between 
Arabidopsis and soybean. The wild soybean Glycine soja exhibited higher number of 
rhythmically expressed genes than other genotypes. The comparison between LD and shift 
showed a stronger response than the comparison between shift and SD. We identified sets of 
genes under the control of E loci.  Total 4,058 genes responded to the E loci and time points.  
E3 showed the highest DEG (2,162), followed by E2 (2,090), E1 (1,570) and E5 (1,333). E loci 
responded differently to photoperiod treatments. E2 showed highest DEG under SD, E3 showed 
a stronger effect under LD and E5 showed greater impact under shift. Functional analysis using 
DAVID and MAPMAN showed the enrichment of a significant amount of transcription factors 
that were involved in photoperiodic flowering. Our results identified sets of candidate genes 
under the influence of photoperiods and E loci to be tested by molecular genetic experiments. 
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1.1 BACKGROUND   
Soybean 
Soybean (Glycine max) an East Asian native plant belongs to family leguminoseae, marked by 
the ability to fix atmospheric nitrogen with the help of symbiotic bacteria (Sheehy, Fishbeck, 
Dejong, Williams, & Phillips, 1980). It has been used as fodder for centuries to improve milk 
and meat production in dairy cows. Selective breeding has been adopted in soybean to improve 
nitrogen fixation efficiency and increase oil yield (Kiers, Hutton, & Denison, 2007). It is 
domesticated and evolved from wild soybean (Glycine soja) in China (Guo et al., 2010). 
Soybean shows a great variation in growth and habitat. The height of plant varies from 20 cm to 
2 meters. The fruit is pod shaped with hair, which contains seed. It grows in warm weather with 
an optimum temperature ranging from 68 to 86 F (Riaz, 2006). With 85% of oleic acid in its oil 
contents, soybean can also be used as a best source to obtain biodiesel, an environment friendly 
fuel (Clemente & Cahoon, 2009). Acreage planted has been increased over three folds in 2012 
(77 million acres) compared with 1960 (24 million) where as yield per acre has been increased 
from 23.5 to 39.6 bushels per acre. It is the number one source of vegetable proteins and second 
highest source of vegetable oil (“USDA  Economic  Research  Service  - OCS-13H,”  n.d.). 
Flowering control in Arabidopsis 
Flowering, an important trait in plants that determines their survival and reproductive success has 
been a major target of domestication (Higgins, Bailey, & Laurie, 2010). Plants respond to 
various exogenous and endogenous signals and go through a transition from vegetative to 
reproductive phase in their life cycles (Srikanth & Schmid, 2011). These signals induce florigen 
(a flowering hormone) that is responsible for flower initiation at shoot apex (Kong et al., 2010). 
FLOWERING LOCUS T (FT) is a known florigen, produced in leaves and moves through 
phloem to induce flowering in the apical meristem (Thakare, Kumudini, & Dinkins, 2010). The 
florigen pathway can be divided into three stages; (i) light induced expression of CONSTANS 
(CO) in the leaves, (ii) movement of FT protein to shoot meristems and (iii) initiation of floral 
primordial development. CO protein in high concentrations promotes the expression of FT 
mRNA and translation of FT protein in leaves, which is transported through phloem to the shoot 
apical meristem. Flowering is induced at shoot apical meristem, where FT interacts with a 
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transcription factor FD (Jakoby et al., 2002) and induces flowering by activating the floral 
development genes (Turck, Fornara, & Coupland, 2008). In addition to CO and FT, there are 
other mechanisms controlling photoperiodic flowering, such as microRNAs (miR172 and 
miR156) that target AP2-like transcription factors and control FT expression (Fornara & 
Coupland, 2009). 
Light is one of the important environmental signals for regulation of flowering through its 
intensity, quality and duration. Plants monitor light through light signaling pathways and respond 
while changing their physiological states (Han, García-Ponce, Fonseca-Salazar, Alvarez-Buylla, 
& Yu, 2008). Light signaling pathway includes the circadian clock and photoreceptors. The key 
Arabidopsis genes involved in the light-signaling pathway include PHYTOCHROME (PHY) and 
CRYPTOCHROME (CRY), LATE ELONGATED HYPOCOTYL (LHY), CIRCADIAN CLOCK 
ASSOCIATED 1 (CCA1), and PSEUDO-RESPONSE REGULATOR 1(PRR1) also called 
TIMING OF CAB EXPRESSION 1 (TOC1) genes (Jung, Wong, Singh, & Bhalla, 2012). 
Phytochromes are light sensitive molecules, which absorb light in a specific range of spectrum 
and promote the regulation of other molecules under their control. It has been found that 
PHYTOCHROME B (PHYB), under the influence of red light, promotes proteasome-mediated 
degradation of CONSTANS (CO), whereas PHYA and CRYPTOCHROME 2 (CRY2) increase the 
stability of CO, leading to FT expression (Valverde et al., 2004). 
Flowering control in soybean 
Flowering gene pathways consist of more than 100 genes and are one of the best understood 
molecular networks in plants (Bäurle & Dean, 2006). Nevertheless, the applications of such 
knowledge for modern agricultural use have been limited largely because of our limited 
knowledge that revolves around model species like the long-day flowering plant Arabidopsis. 
Soybean provides the best opportunity to expand this knowledge to cultivated species. Soybean 
flowers in response to a photoperiod change from long day to short day at the summer solstice 
(Borthwick & Parker, 1939). Soybean flowering under photoperiodic control has been far less 
understood as compared to other model species. The function of soybean CO and FT homologs 
has been explored for a better insight into the flowering mechanisms in soybean.  Kong et al 
(2010) have found 10 homologs of Arbaidopsis thaliana FT gene in soybean and showed that 
two of them, GmFT2a and GmFT5a, were highly expressed under short day (SD) conditions 
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with the highest expression peak at 4 hours after dawn. Significant differences in the expression 
of soybean TOC1, CO and FT homologs between short day and long day conditions have been 
observed (Thakare et al., 2010).  
In 1927, detected a major set of genes controlling maturity and designated them as E loci (Owen, 
1927). E loci affect flowering and seed maturity time and eight loci (E1 to E8) have been 
identified so far. Among these 4 loci, E1, E3, E4 and E7 are believed to control photoperiodic 
flowering (Cober & Voldeng, 2001). E1 locus was earlier considere as corresponding to PhyB 
however it was not supported by map position (Tasma & shoemaker, 2003). It has been recently 
found that GIGANTIA (GI) is associated with E2 locus (Watanabe et al., 2011). Photoreceptor 
gene PhyA was mapped to E3 (GmPhyA3) and E4 (GmPhyA2) (C. Liu et al., 2008). PhyA is 
suspected to be an activator of CONSTANS (CO) and FKF1 (circadian clock gene) in 
Arabidopsis thaliana (Ehrenreich et al., 2009). Exploration of the genes associated with these E 
loci and the genes operating downstream of PhyA will provide valuable information for 
improving soybean germplasm towards high yield. Until recent, flowering studies rely upon 
identification of flowering genes through a homology based candidate gene approach. 
Availability of the sequenced soybean genome (Schmutz et al., 2010) and high throughput-based 
sequencing technologies like RNASeq (Mortazavi et al., 2010; Mortazavi, Williams, McCue, 
Schaeffer, & Wold, 2008; Wang, Gerstein, & Snyder, 2009) have made it possible to study the 
expression of a large number of genes altogether. 
Our ultimate goal is to identify the mechanism of flowering under photoperiodic control and 
identify the genes that are specifically expressed under short day to induce flowering and explore 
the networks of interactions among them. Specific questions for which we want to seek the 
answers are: What genes are involved in photoperiodic flowering in soybean? How these genes 
interact with each other to play a significant role in flowering under different photoperiodic 
conditions? Is the function of CO in photoperiodic flowering, conserved in soybean? What genes 
other than CO and FT might be acquiring important positions in soybean flowering gene 
networks? To address these questions, this chapter explores global gene expression changes on 
the soybean transcriptome in response to photoperiods and E loci. This work will help understand 
plant’s   flowering   response   to  photoperiods  and   identify   flowering  genes   and   their   interactions.  
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Such information would ultimately allow modification of photoperiod responsiveness and 
cultivation of soybean at wider latitudes while improving yield.  
Next generation sequencing (NGS) 
Heredity information or genetic material of an organism constitutes its genome. Genome 
includes genes and non-coding regions of hereditary material that is mostly DNA with the 
exception of some types of viruses that possess RNA as a hereditary material. Francis Crick 
explained   flow   of   genetic   information   in   his   concept   of   “central   dogma   of   life”   that   was  
introduced in 1958 and re-stated in 1970 (Ball, 2013) . According to this concept, the 
information travels from DNA to RNA and then protein. The transfer of information in general 
starts from copying of DNA to RNA (transcription) and then the information in RNA is used to 
synthesize proteins (translation).  The process of DNA replication makes copies of DNA from 
DNA. There are some special instances where the information flows from RNA to DNA and the 
process is known as reverse transcription that occurs in retroviruses, retrotransposons and during 
telomere synthesis. 
The transcriptome repertoire of an organism constitutes the set of all RNA molecules like 
mRNA, rRNA, tRNA and other non-coding RNA molecules. Genome stores the information 
about   an   organism’s   inheritance,   while   transcriptome   reflects   the   measure   of   his   behavior   in 
different physiological adaptations. Transcriptome analysis, specifically quantification and 
analysis of mRNA population might help explore the present status and prediction of future 
activities of an organism (Mortazavi et al., 2008).  
Novel and advanced instruments have revolutionized the scope and pace of scientific discovery. 
Sequencing  a  new  genome   is   found   to  be   a  manageable   task   in   today’s   scientific   era.  Modern  
sequencing   technologies   are   dedicated   towards   incremental   improvements   in   Fred   Sanger’s  
dideoxy chain termination method (Sanger, Nicklen, & Coulson, 1977). Various strategies to 
perform sequencing of the large genomes have also been evolved. Shotgun sequencing strategy 
(Anderson, 1981) involves breaking of large DNA segments into smaller pieces, followed by 
their sequencing. It has been the most efficient technique in genome sequencing projects. There 
are different variants of this strategy like clone-by-clone method, whole genome shotgun 
methods and hybrid approach. In clone-by-clone method the genome is analyzed by clone-based 
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physical methods and then the regions of interest are selected for further analysis (Hattori et al., 
2000) whereas whole-genome shotgun approach performs sequencing of the cloned entire 
genome (Fleischmann et al., 1995). Clone-by-clone strategies are dedicated towards sequencing  
the segments on the basis of priority, which is determined by the presence of important genes. 
Most of the genome projects at present are focused on the use of whole genome shotgun 
sequencing method. . The strategy is implemented as; Extraction and fragmentation of whole 
genome content, generation of cloned libraries by inserting the fragments of DNA into vectors, 
sequencing the fragments with NGS instruments, which yields a huge number of short sequence 
reads, mapping of reads to a reference genome to guide the assembly of the sequenced genome 
or de-novo assembly of the genome by determining sequence overlaps and finally the 
annotations of the assembled genome to identify significant features. Application of short reads 
sequencing strategies in genome sequencing projects has led to preparation of draft genome 
sequences in more than 50 (Michael & Jackson, 2013) plant species including Arabidopsis 
thaliana (Arabidopsis Genome Initiative, 2000; Theologis et al., 2000), soybean (Schmutz et al., 
2010), maize (Schnable et al., 2009), transgenic papaya (Ming et al., 2008), cucumber (S. Huang 
et al., 2009), poplar (Tuskan et al., 2006), pear (Wu et al., 2012), pigeonpea (Varshney et al., 
2011), tomato (Sato et al., 2012) and barley (Mayer et al., 2012). Genome projects have 
contributed significantly in understanding the genetic and molecular basis of different functions 
of life. 
Short read sequencing strategy has been efficiently exploited in performing global gene 
expression analysis as in RNA/transcriptome sequencing (Mortazavi et al., 2008). Gene 
expression varies among different genes and tissues depending on tissue and maintenance 
requirements. The expression of genes can be measured both qualitatively and quantitatively. 
The technique has been successfully applied to different projects related to agriculture. Examples 
include: detection of alternative splicing in Arabidopsis (Priest et al., 2010), construction of 
transcriptome atlas in soybean (Krupp et al., 2012; Severin et al., 2010), functional annotations 
in rice (Lu et al., 2010) and application of the technique to non-model species like berries (Bellin 
et al., 2009). Availability of increasing number of sequenced genomes for both model species 
and non-model species has accelerated the NGS-based global gene expression studies and made 
it possible to characterize the functions of genes in different organisms. 
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1.2 RESULTS 
 
Read data produced was of high quality and around 90% of the genes were expressed at an 
RPKM cut-off of 0.1 
Our RNA sequencing analysis using the illumina-sequencing technology produced 146 million 
to 185 million 100 nucleotide-long reads per lane and 9.5 to 12.3 million per sample (Figure 1.2) 
with an average of approximately 10 million reads per sample. Average read quality scores were 
over 20, indicating that the obtained data were of very high quality (Figure 1.3). The range of 
reads mapped to the soybean transcriptome was 85-90% for all samples, except the genotype 4 at 
T1 under the shift treatment (80%). Mean alignment was about 88%. Unmapped reads were 
separated and stored into different files, which could be used in the future for identification of 
foreign elements in our samples. A total of 52,552 genes out of 54,175 were expressed (non-zero 
RPKM in at least one sample). Expression of genes ranged from 0.0084 RPKM to 13,920 RPKM 
(rubisco) with a mean of 10.6 (3.4 on a log2 scale).  Significant number of genes was expressed 
above 1,000 RPKM. In an earlier study, RPKM cut-off of 0.3 is used to infer global gene 
expression in animal models (Ramsköld, Wang, Burge, & Sandberg, 2009). After examining 
different RPKM cut-off values with our data, we decided to use RPKM cut-off of 0.1 (log2 value 
of -3.3) in at least one sample (Figures 1.5a and 1.5b) to include low expressed genes as used in 
an earlier study (Lundberg et al., 2010). With this criterion, 49,621 out of 54,175 genes (91.5%) 
were expressed in our data. The number of genes expressed was higher under short day than long 
day, with shift being intermediate (Figure 1.6). 
Strong treatment and time point effects appeared with a clear separation of wild from 
domesticated soybean 
We explored our transcriptome data using different data separation and clustering techniques 
implemented in bioconductor packages like, Limma (Smyth, 2005), edgeR (Robinson, Mccarthy, 
& Smyth, 2010) and DESeq (Anders & Huber, 2010a). These techniques, like Hierarchical 
clustering (HCL), Multi-dimensional scaling (MDS plots) and Principal Components Analysis 
(PCA) help infer the amount of variation on the data. 
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Data separation results indicated the absence of illumina lane effect (Figure1.7). The data were 
well separated according to the treatments provided, except one shift sample for Genotype 6 at 
time point 3 (Figure 1.10) departed significantly from the rest of genotype 6 samples, thus it was 
removed for further analysis. Wild soybean Glycine soja (G. soja) showed distinct patterns of 
expression, corresponding well with the fact that G. soja genome is 0.31% different from G. max 
(Kim et al., 2010). Short day and shift samples appeared close to each other as expected. Further 
exploration of the data within each treatment showed a clear time point effect and a distinct 
behavior of G. soja (Figures 1.8 through 1.10). 
Identification of differentially expressed genes using Limma, DESeq and edgeR 
To identify differentially expressed genes, we first examined three bioconductor packages: 
Limma, edgeR and DESeq, to test their performance. Limma uses linear model and performs t-
tests on normalized expressions using either Reads Per Kilo base pair of transcript per Million of 
the mapped reads (RPKM) normalizations (Mortazavi et al., 2008) or a recently introduced voom 
normalization. DESeq and edgeR operate on raw counts with their own normalization 
techniques, using GLM (Generalized Linear Models) tailored for negative binomial distributions. 
DESeq uses variance-stabilizing transformations (VST) to transform the data to make it more 
homoscedastic (homogenized variances). edgeR transforms the data by taking into account the 
overall biological and technical variations while fitting negative binomial models.  
We prepared a test dataset of 5,000 genes and studied the effect of two treatments: SD and LD. 
At first we used RPKM normalization for Limma (Figure 1.11A), followed by Variance 
Stabilization Transformation (Figure 1.11B) to account for the issues with RPKM method. 
Results showed that edgeR identified more differentially expressed genes (DEG) than other 
packages and there were more overlaps between edgeR and DESeq. DESeq also was unable to 
identify a significant amount of DEG with up to 3-fold expression differences. We thus decided 
to use edgeR for further analysis. 
Identification of soybean homologs of Arabidopsis flowering genes 
Our pBLAST (Altschul, Gish, Miller, Myers, & Lipman, 1990) search using the criteria of 1e-5, 
identity of 40 percent, and query or subject coverage of at least 50 percent (Table 1.3, Figure 
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1.12) identified 41,066 soybean gene hits for 14,032 Arabidopsis genes; an average mapping of 
3-4 soybean genes per Arabidopsis gene (Figure 1.13). Soybean genome has gone through two 
rounds of genome-wide duplication, thus the number of hits obtained in this study is reasonable. 
Reciprocal Blast Hits (RBH) provided 12,810 Soybean-Arabidopsis orthologous gene pairs. To 
obtain soybean candidate flowering genes, first we determined a list of 216 flowering genes in 
Arabidopsis based on literature information from multiple studies (Ehrenreich et al., 2009; 
Fornara, de Montaigu, & Coupland, 2010; Higgins et al., 2010; Jung et al., 2012). 164 
Arabidopsis flowering genes identified 530 soybean genes. Among them, 119 were confirmed by 
reciprocal blast (Table 1.19). The flowering gene network consists of several sub-networks. We 
found that the light signaling pathway contained 53 Arabidopsis genes and 130 corresponding 
soybean genes, integrators group contained 43 Arabidopsis genes and 105 corresponding 
soybean genes, the vernalization pathway contained 42 Arabidopsis genes and 103 
corresponding soybean genes and the meristem identity genes contained 12 Arabidopsis genes 
and 52 corresponding soybean genes (Figure 1.13). The meristem identity genes were over-
represented in soybean (4.3 soybean genes per Arabidopsis gene) compared to other sub-
networks (approximately 2.4 soybean genes per Arabidopsis gene).  
We performed phylogenetic analysis on the soybean flowering gene homologs obtained from 
pBLAST. We identified 8 soybean homologs of Arabidopsis CONSTANS (CO) consisting of 4 
homeologous pairs. These homeologous gene pairs were labeled as GmCOL1a/GmCOL1b, 
GmCOL2a/GmCOL2b, GmCOL3a/GmCOL3b and GmCOL4a/GmCOL4b (Figure 1.14). We 
identified 19 homologs of the Arabidopsis CENTRORADIALIS/TERMINAL FLOWER 1/SELF-
PRUNING (CETS) family genes (Figure 1.14); FLOWERING LOCUS T (FT) and TERMINAL 
FLOWER 1 (TFL1), BROTHER OF FT (BFT), MOTHER OF FT (MFT) and ARABIDOPSIS 
THALIANA CENTRORADIALUS (ATC) (Hanano & Goto, 2011). There were 9 homologs for 
FT, 6 for TFL1, and 2 each for BFT and MFT. Our pBLAST search identified four homologs for 
GIGANTIA (GI), however, one of these homologs Glyma02g08680 showed very low coverage 
thus was removed from further analysis.  Among circadian clock genes, we identified one 
homolog for CCA1, 2 for LUX, 3 for LHY and 4 for TOC1.  
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Expression patterns of flowering gene homologs  
To determine sensitivity and specificity of our RNA sequencing data, we explored the expression 
of key candidate flowering genes, including CO, FT, TFL1 and GI. We compared the expression 
patterns of these key flowering genes in our RNA sequencing data with that of Arabidopsis 
counterparts in publicly available Arabidopsis microarray data (Michael et al., 2008). We next 
clustered the expression patterns of these genes using the unsupervised hierarchical clustering 
method implemented in CLADIST (Ng, Bursteinas, Gao, Mollison, & Zvelebil, 2006). The 
expression profiles indicated two clusters among soybean CO homologs (Figures 1.16-18). 
GmCOL2a and GmCOL2b showed very low expression, while other genes showed higher 
expression. These highly expressed CO homologs exhibited a peak at T1 or T3 and a decrease at 
T5 under SD and shift conditions, while a depression at T3 was observed under LD. 
GmCOL1a/b and GmCOL3a/b showed a peak at T1 and sharply decreased from T1 to T3 (dT1) 
and from T3 to T5 (dT2). GmCOL4a/b showed a peak at T3 and a significant decrease from T3 
to T5. The observed expression patterns of soybean CO homologs were similar to that of 
Arabidopsis CO under LD, but different under SD in which soybean CO homologs were 
expressed high during early part of the day and Arabidopsis CO was higher in the evening. 
Two homologs of FLOWERING LOCUS T (GmFT2a and GmFT5a) coordinately promote 
photoperiodic flowering in soybean (Kong et al., 2010). GmFT2a and GmFT5a were among nine 
soybean FT homologs that clustered together with Arabidopsis FT and TSF (Figure 1.15) and 
expressed high in our RNA sequencing data with a peak at T3 and T1, respectively (Figures 
1.19-20). A hierarchical clustering analysis indicated three clusters among soybean FT 
homologs. GmFT2a/b and GmFT5a/b exhibited higher accumulation under SD and shift than 
under LD, GmFT1a and GmFT4 exhibited higher accumulation under LD, and GmFT3a/b 
exhibited fait expression. The observed high accumulation of GmFT2a/b and GmFT5a/b under 
flowering inductive SD corresponds well with high accumulation of Arabidopsis FT under 
flowering inductive LD, suggesting the role of GmFT2a/b and GmFT5a/b in photoperiodic 
flowering. We observed that the expression patterns of GmFT5a and GmFT5b corresponded well 
with that of GmCOL1a and GmCOL1b. Similarly, GmCOL4a and GmCOL4b corresponded well 
with GmFT2a and GmFT2b.  This observation may indicate conservation of CO-FT regulatory 
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interaction in soybean, as shown in Arabidopsis and rice. The regulatory interaction between CO 
and FT was also predicted by our network analysis (Chapter 2).   
We identified 6 soybean homologs of Arabidopsis TERMINAL FLOWER 1 (TFL1). The role of 
GmTFL1a and GmTFL1b in determinacy of shoot growth was previously reported (B. Liu et al., 
2010; Tian et al., 2010). We observed extremely low accumulation of GmTFL1 homologs in our 
RNA sequencing data (Figure 1.21). This observation may be due to our sampling scheme in 
which whole shoot was sampled, whereas Arabidopsis TFL1 is expressed primarily in 
meristematic tissues.  
Our analysis showed that all three soybean GI homologs exhibited a similar expression pattern 
among them and among three photoperiod conditions (Figure 1.22). Notably, this expression 
pattern was highly conserved between Arabidopsis and soybean. In both species, GI was low in 
the morning, peaked in the afternoon and decreased in the evening.  
More genes oscillate under short day 
Total 32,686 genes exhibited oscillation during the 24-hour time course (65.8% of 49,621 genes 
expressed higher than a RPKM cut-off of 0.1). Genes that showed a change in expression from 
T1 to T3 (dT1) or from T3 to T5 (dT2) or both were defined as rhythmically expressed genes. 
Proportion of rhythmically expressed genes was similarly high in the candidate flowering genes 
(66% (325 out of 493 expressed genes)). We observed the highest number of rhythmically 
expressed genes under SD, followed by shift and LD (Figure 1.23). Generally, higher number of 
genes showed differential expression in dT1 than dT2. It is notable that wild soybean G. soja 
(G7) showed the highest number of rhythmically expressed genes under LD, resulting in a 
similar number of oscillating genes under different photoperiod conditions (14,532 under LD, 
14,239 under shift and 15,950 under SD). Approximately 3,600 more genes were rhythmically 
expressed in G. soja than other genotypes under LD (Figure 1.27).  
ANOVA tests using counts of DEG (Table 1.4, Figure 1.24) for two dTs indicated significant 
treatment (P =1.26e-09 ***) and time point effects (2.3e-08 ***). Within each treatment (SD, 
LD and shift), we observed a significant time point effect that indicates rhythmic expression 
(Tables 1.4 B-D). Effect of genotypes was significant only under LD (P = 0.0402) (Table 1.4 B). 
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Pairwise  comparisons  using  Tukey’s  HSD  indicated  that  genotype  G7  differed  significantly  from  
other genotypes (Figure 1.24).  
To infer the oscillation patterns of rhythmically expressed genes, we classified gene expression 
patterns in 7 oscillation clusters (excluding no change in both dT1 and dT2). We observed a 
significant variation in the numbers of genes exhibiting different oscillation patterns (Figure 
1.25). Functional analysis with MAPMAN (Thimm et al., 2004) indicated that a great proportion 
of transcription factors were down regulated in dT1, including MYB, AP2-EREBP (AP2-relared 
ethylene responsive element binding protein), C2C2-(Zn) DOF zinc finger family. Genes that 
show up-regulation in dT1 and down-regulation in dT2 (pattern UD) under SD had the 
enrichment of MYB, WRKY, AP2-EREBP, pseudo ARR, HSF (heat shock) transcription 
factors. Fewer genes showed the pattern UD under LD. Shift displayed a mixed behavior with a 
significant variation among different genotypes. G1, G3 and G5 showed higher number of genes 
exhibiting the pattern UD, whereas G2 and G4 showed higher number of genes exhibiting the 
pattern DN. G6 showed higher number of genes exhibiting the pattern UN. Among the candidate 
flowering genes, the proportion of the pattern DU was higher under LD, whereas the pattern DN 
dominated SD and Shift. It shows that the expression of most of the genes related to flowering is 
high in the morning that decreases in the afternoon and it starts recovering again. 
Time of the day specific promoter motifs 
In an attempt to identify cis- and trans-factors underlying the rhythmic expression of genes, we 
performed the promoter analysis of oscillating genes in two domesticated varieties (Clarks (G1) 
and Williams82 (G2)) and G. soja under LD and SD using the software ELEMENT (Michael et 
al., 2008). We searched for occurrence of known cis-regulatory elements including morning 
element (ME), evening element (EE), GATA box, telobox (TBX) and G box (GBX). These 
elements have been identified in circadian and light regulated genes. We found a high occurrence 
of GATA box especially in the genes up-regulated in dT1 under both LD and SD (Figure 1.26). 
EE appeared frequently in up-regulated genes in dT1 under both SD and LD. ME appeared in 
both down- and up-regulated genes in dT2 under LD, while it appeared in all gene groups under 
SD. GBX was present in all groups except in up-regulated genes in dT2 for both G1 and G2  
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under LD and SD. TBX showed a less occurrence overall. TBX appeared in up-regulated genes 
in dT1 in G7 under LD as well as in G1 and G7 under SD.  
More genes are rhythmically expressed in Glycine soja under long day 
In G. soja, approximately 3,600 more genes were rhythmically expressed in long day (LD) 
treatment than other genotypes and over 1,800 more genes under SD (Figure 1.27). A similar 
trend was observed in the candidate flowering genes. GO functional clustering by DAVID 
indicated the enrichment of some common as well as SD- and LD- specific functions in G. soja. 
More flowering genes were rhythmically expressed under SD. The proportion of genes involved 
in flower development was also higher in the rhythmically expressed flowering genes under SD. 
Serine peptidases, AP2/ERF, MADS and K box transcription factors were specifically enriched 
under SD. Serine-threonine kinases, meristem development, b-zip and Hox domain transcription 
factors were specifically high under LD.  
Photoperiod effects 
The change in treatment from LD to SD caused a strong response in gene expression in the 
morning (T1), whereas less genes responded in the afternoon (T3) and evening (T5). While a 
similar trend was observed in the candidate flowering genes, more genes appeared up-regulated 
at T3. G. soja (G7) exhibited the strongest response among all genotypes with a higher 
proportion of genes up-regulated at T1 (Figure 1.28). A GO functional analysis using the 
Wilcoxon rank sum test in MAPMAN indicated the enrichment of vegetative functions (Figures 
1.29-30). MADS box transcription factors were up-regulated in both Williams 82 and G. soja, 
and C2C2(ZN)CO-LIKE genes were up-regulated in Williams 82. 
The comparison between shift and SD indicated a higher number of up-regulated genes. The 
response was strongest at T3 and decreased at T5 (Figure 1.31).  The candidate flowering genes 
showed a much higher proportion of up-regulated genes at all time points than in the shift 
treatment from LD to SD, indicating the stronger response of the flowering genes to continuous 
SD than the shorter SD-treatment. Down-regulated genes appeared less at T1 than T3 and T5 in 
general. Functional analysis using DAVID indicated that most functions such as cell wall,  
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protein degradation, MADS, WRKY and MYB transcription factors, and receptor kinases were 
up-regulated (Figures 1.32-33).  
The over-all effect in gene expression was stronger in the comparison between LD and SD than 
that between LD and shift or between shift and SD (Figure 1.34). More genes were up-regulated 
at T3 in general. G. soja showed notably higher DEG at T1 and T3 than domesticated varieties. 
The candidate flowering genes showed a higher proportion of up-regulated genes at all time 
points in all genotypes, as seen in the comparison between shift and SD. GO functional analysis 
with DAVID indicated a significant increase in the expression of reproductive functions 
compared to vegetative functions. MADS box genes were up-regulated in all genotypes, whereas 
AP2/EREBP were down-regulated. In addition, some C2C2(Zn)CO-like and C2C2(Zn)Dof 
transcription factors were up-regulated in Williams 82. MYB transcription factors were up 
regulated at T1 while down-regulated at T5 in G. soja (Figure 1.36). 
A comparative analysis indicated that a large portion of the genes (14,401) responded to all 
photoperiod comparison, a change from LD to shift, shift to SD or LD to SD. The highest 
number of genes (3,431) responded to the change from LD to SD followed by the change from 
LD to shift (2,064) and shift to SD (845). The same trend was observed in candidate flowering 
genes (28 DEG in LD to SD, 16 DEG in LD to shift and 5 DEG in shift to SD). The proportion 
of genes responding to a change from LD to shift was almost three folds higher than the change 
from shift to SD figure (1.37). Functional analysis indicated that more flowering genes 
responded to the change from LD to SD. Zinc Finger (ZF) – CONSTANS like1 and PEBP-
binding proteins responded to the change from LD to SD and LD to shift. Important classes of 
photoperiod-related genes such as bZIP, ZF-CONSTANS-like1, MADS, PEBPs responded 
significantly to the changes from non-flowering LD to flowering-inductive shift and SD 
conditions. 
Time of the day specific effects of E Loci  
By comparing different NILs of Clark, we were able to detect the effect of four of the E loci. 
These E loci indicated different effects on gene expression at different time points (Figure 1.38). 
The effect of E1 was relatively stronger in the morning (T1) under LD (488 DEG) where the 
proportion of up-regulated genes was higher (288) than down-regulated genes (206) (Figure 
 15 
1.39). E1 affected more genes (213) in the afternoon (T3) under shift treatment, but more genes 
in the evening (T5) under SD. The candidate flowering genes showed more DEG (10) under SD 
in the evening (T5) than other conditions. Under LD, three CO homologs (GmCOL5b, 
GmCOL7b and GmCOL6b) were up-regulated in E1 (compared to e1). A few FT homologs also 
appeared under the effect of E1. GmFT1a and GmFT4 were up-regulated at T3, while GmFT1b 
and GmFT5a were down-regulated at T1 and T3, respectively (Table 1.7). E1 affected a few 
flower development genes under shift: SEP3 and FUL homologs were up-regulated in the 
afternoon and three other FUL homologs were down-regulated in the morning (Table 1.8). PI 
and AP3 homologs were up-regulated in the evening (T5) under SD (Table 1.9). 
E2 showed highest DEG (892) under SD in the evening (T5) (Figure 1.40). Most of flowering 
genes (18/19) were up-regulated at T3 under shift, whereas T5 (15) had more flowering genes 
under SD. Only 5 flowering genes appeared under LD. In both flowering and non-flowering 
genes, the effect of E2 was strongest under shift where a GI homolog (GmGIa) and four FT 
homologs were up-regulated at T3. Among these FT homologs, GmFT2a, GmFT5a and GmFT5b 
showed 4-5-fold higher expression in E2 (compared with e2), whereas GmGIa showed 2.5-fold 
higher expression in E2 (Table 1.11). Seven FUL homologs were up-regulated in the afternoon, 
while SPA1 and GmTFL1c were down-regulated at T1. We also observed up-regulation of 
GmGIa in the evening under SD, though the actual expression level was low. The expression of 
GmGIa went up from 46.2 RPKM (e2) to 94.3 (E2) in the afternoon (T3), although it was not 
declared as significant (p > 0.05) by edgeR (Table 1.12). 
E3 showed the strongest effect at T3 under shift treatment (1,123) followed by T3 under LD 
(640) (Figure 1.41). The flowering genes showed a similar trend: 21 DEG at T3 under shift, 14 at 
T3 under LD. E3 also effected the expression of more flowering genes under shift and LD, while 
only 2 DEG were observed under SD. Under LD, GmFT1a was up-regulated at T3 and T5, two 
BFT homologs were up-regulated at T3, whereas GmFT2a, GmFT5a and GmTFL1c were down-
regulated at T3. GmPhyA3 was also up-regulated at T3 (Table 1.13). Under shift, E3 influenced 
important flowering genes including GmCOL7a, GmCOL7b, GmCOL1b and GmFT2a that were 
down-regulated at T3.  
E5 showed less DEG than other E loci. Relatively high numbers of DEG were observed at T5 
under shift (615) and T3 under SD (295) and LD (265) (Figure 1.42). Similarly, in the flowering 
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genes, more DEG were observed at T5 under shift (4), T3 under SD (3) and T1 and T3 under LD 
(1 each).  
Overall more genes responded to E3 while E2 had higher response in flower inductive 
photoperiod conditions 
A comparison of genes under the control of different E loci using venn diagrams indicated the 
overall highest genes under the control of only E3 (788), followed by E2 (690), E1 (401) and E5 
(355) (Figure 1.43). 341 genes appeared under the control of all E loci, 280 genes appeared 
under the control of E1, E2 and E3 and 281 genes under E2 and E3 (Figure 1.43A). For the 
flowering genes (Figure 1.43B), E3 also showed the highest number of specific genes (18), 
followed by E2 (15), E1 (6) and E4 (4). Seven genes were under the control of E1, E2 and E3, 
and 5 genes under E2 and E3. GO term analysis using DAVID (functional clustering) of specific 
genes for each E locus using DAVID indicated the enrichment of flowering-related transcription 
factors in E2 and E3 specific genes (Figure 1.44), including Myb, MADS/K box and light-
response elements. E1 specific genes showed the enrichment of vegetative functions with a small 
proportion of Myb transcription factors. E5 specific genes appeared less relevant to flowering.  
Next we investigated the effects of E loci under each photoperiod condition. Under LD (Figure 
1.45), E3 showed the highest number of specific genes (444), followed by E1 (289), E2 (205) 
and E5 (90). More overlapping genes were observed among E1, E2 and E3 than with E5. In the 
flowering genes, E3 showed the highest number of specific genes (11), followed by E1 (6), E2 
(2) and E5 (1) with the highest number of overlaps between E1 and E3 (5). Under the shift 
condition (Figure 1.46), E3 showed the highest number of specific genes (748), followed by E5 
(482), E2 (418) and E1 (72). Overlapping genes appeared evenly among all E loci. Significant 
proportion of the flowering genes was E2 and E3 specific (10 and 15, respectively). Under SD 
(Figure 1.47), E2 showed the highest number of specific genes (618) in contrast to LD and shift, 
followed by E1 (314), E3 (116) and E5 (112). Relatively small portion of genes was under the 
control of multiple E loci compared to LD and shift. The highest overlap was observed between 
E1 and E2 (102). A high proportion of the flowering genes appeared E2 specific (11).  
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1.3 DISCUSSION 
 
There are average three homologs in soybean for each Arabidopsis gene 
Our pBLAST analysis associated 41,066 soybean genes with 14,032 Arabidopsis genes, of 
which 12,810 gene pairs were reciprocally confirmed. 216 Arabidopsis flowering genes were 
associated with 530 soybean genes, of which 119 gene pairs were reciprocally confirmed (Table 
1.19). In summary, each Arabidopsis gene was associated with an average of 3-4 soybean genes 
(Figure 1.13), corresponding well with the known fact that the soybean genome has gone through 
two rounds of recent genome duplication (Lin, Stupar, Hans, Hyten, & Jackson, 2010).  
In an earlier study, 20,730 (~75%) Arabidopsis genes were associated with 45,175 genes in 
soybean using orthoMCL package based on the gene models from an old release (v1.0) of 
phytozome (Jung, Wong, Singh, & Bhalla, 2012). This earlier work did not consider query or 
subject coverage to validate their BLAST alignments. We often observed that only a small 
portion of a query was aligned with a subject, resulting in significant e-values. For example, the 
Glyma05g01510-AT5G62640 gene pair showed the e-value 6E-65, however, less than 30% of 
the total length of the genes was aligned.  In our study, therefore, we filtered out such short 
coverage alignments.  
Since the focus of our research was flowering control, we applied further phylogenetic analysis 
on the soybean candidate flowering genes obtained from pBLAST. We found 8 highly related 
homologs of Arabidopsis CONSTANS (CO), arranged in 4 homeologous pairs. GIGANTIA (GI) 
is a part of the evening loop in Arabidopsis which acts upstream of CONSTANS (CO) and plays 
an important role by interacting with other circadian clock genes (Jung et al., 2012). It has been 
found as a single copy gene in Arabidopsis (Higgins et al., 2010). We found three highly related 
soybean homologs, including GmGIa (Glyma10g3600) identified previously (Watanabe et al., 
2011). Circadian clock genes like CCA1 ortholog Glyma07g05410 was labeled as GmCCA1 
(Hudson, 2010), two of LHY homologs Glyma03g42260 and Glyma19g45030 as GmLCL2 (C. 
Liu, Xi, Shen, Tan, & Yu, 2009) and GmLHY-like (Hudson et al, 2010) whereas a TOC1 
ortholog Glyma062110 was called GmTOCI  (Liu et al., 2009 and Hudson et al., 2010). Among 
the soybean candidate flowering genes, a significant amount of genes was associated with 
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Arabidopsis vernalization related genes (103, 19% of 530 flowering gene homologs). This result 
was interesting as soybean is a short day plant originated from relatively southern latitudes, thus 
may not require vernalization (Summerfield, Roberts, Erskine, & Ellis, 1985). Glyma05g28130 
was previously reported as a homolog of FLC, a key regulatory gene in the vernalization 
pathway in Arabidopsis (Higgins et al., 2010), however, we found that this soybean FLC 
homolog showed a low identity (<40%) with FLC and aligned better with the MADS-box gene 
MAF3. Meristem identity genes play an important role in transition of vegetative phase to 
reproductive while converting shoot apical meristems to floral meristems. We found a slight 
over-representation of these genes in soybean than Arabidopsis. Among them, we found 9 
orthologs for AP3 and 8 for FUL.  
More genes were expressed under flowering inductive photoperiod treatments 
Use of next generation sequencing techniques has made it possible to detect and quantify the 
expression of low expressed genes that may possess important regulatory functions. Our data has 
been sampled from three different genetic backgrounds that is the reference variety Williams 82, 
wild soybean ancestor G. soja,  Clark  and  it’s  four  near  isogenic  lines  that  can  be  explored  further  
to infer the effect of different E loci. We provide the RPKM normalized expressions of soybean 
gene models using updated gene models in the latest release of phytozome (54175 gene models 
as of Glyma v1.1). By using a reliable RPKM cut-off of 0.1, as also used in an earlier study 
(Lundberg et al., 2010), we were able to detect the expression of almost 90% of the soybean 
genes. Number of genes expressed was higher under SD conditions and low under LD, while 
shift treatment was intermediate. Since soybean flowers under SD conditions, we might conclude 
that the gene expression is overall increased under flowering inductive SD conditions. Our data 
exploration indicated a clear effect of photoperiod treatments and time of the day, in which SD 
and shift samples showed similar behavior (Figure 1.7-10). Moreover, we observed distinct gene 
expression patterns of the wild soybean G. soja, although the G. soja genome is known to 
possess only 0.31% difference compared with G. max (Williams 82) (Kim et al., 2010).  
Conservation of the CO-FT pathway genes in soybean 
The patterns of expression for all three GI homologs were similar to Arabidopsis GI under all 
photoperiod treatments (SD, LD and shift) and the trend was similar in all genotypes (G1 
 19 
through G7) with a peak at T3. GI expression correlates with expression of circadian clock genes 
like CCA1, TOC1 and ELF3 (Fowler et al., 1999). GI is known to activate CO in Arabidopsis 
(Fornara et al., 2009; Imaizumi et al., 2005; Sawa et al., 2007), however, it is unclear whether the 
GI-CO interaction was conserved in soybean. We found similar expression profiles of TOC1 and 
GI homologs that indicate the possibility of similarity of structure, function and regulation 
patterns between Arabidopsis GI and it soybean homologs. GmGIa appeared under the effect of 
E2 under both shift and SD, which confirms an earlier finding that GI is the causal gene of the 
E2 locus (Watanabe et al., 2011). 
The expression patterns of soybean CO homologs were similar to Arabidopsis CO under LD, 
whereas under the flowering inductive conditions SD and shift, soybean CO homologs showed 
high expression at T1, which increases in the afternoon (GmCOL1a and GmCOL1b) or decreases 
by the end of the day (GmCOL4a and GmCOL4b). GmCOL2 homologs did not show significant 
expression. Homeolog genes showed similar expression patterns as indicated by similarity of 
sequence based phylogenetic trees with clusters obtained by expression data (Figures 1.15-1.19). 
Under the photoperiod inductive SD condition, the expression patterns of GmCOL1a and 
GmCOL1b corresponded well with GmFT5a and GmFT5b while GmCOL4a and GmCOL4b with 
GmFT2a and GmFT2b, which may indicate conservation of CO-FT interaction in soybean. 
GmFT2a and GmFT5a are important in promoting photoperiodic flowering in soybean (Kong et 
al., 2010). Based on the overlapped expression and high sequence similarity to Arabidopsis CO, 
it is likely that GmCOL1a, GmCOL1b, GmCOL4a and GmCOL4b activate FT genes to induce 
photoperiodic flowering response in soybean. We did not observe any significant expression of 
TFL1 homologs (Figure 1.21), however, there is a possibility that our sampling stage might not 
be appropriate to capture the TFL1 expression. Together, our data support that the GI-CO-FT 
pathway in soybean may play a key role in photoperiod flowering similar to Arabidopsis, but 
under different photoperiodic conditions. 
More genes show time of the day specific oscillations under short day treatment 
Our analysis indicated that most of the genes changed their expression from morning (T1) to 
afternoon (T3) (Figure 1.23). It is interesting to note that a major proportion of genes is down-
regulated under long day, whereas the proportion of up-regulated genes is higher under shift and 
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SD. This difference is clearly visible in a subset of flowering genes (Figure 1.23B). Clustering of 
the genes based upon their expression patterns suggested that under LD, most of the genes were 
down-regulated from morning to afternoon and then their expression did not change significantly 
(i.e the pattern DN). Functional analysis with MAPMAN (Thimm et al., 2004) showed that a 
great proportion of transcription factors was down-regulated in dT1, specifically, MYB, AP2-
EREBP (AP2-relared ethylene responsive element binding protein), C2C2-(Zn) DOF zinc-finger 
family. A significant proportion of MYB domain transcription factors were also up-regulated. 
While under shift treatment, gene expression was higher from morning to afternoon and then 
unchanged from afternoon to evening.  Under SD, a major proportion of genes was up-regulated 
from morning to afternoon and then down-regulated in the evening. Among these genes, 
MAPMAN indicated the enrichment of a large number of transcription factors like MYB 
domain, WRKY, AP2-EREBP, pseudo ARR, HSF (heat-shock TF). WRKY transcription factors 
play important role in stress response along with senescence and trichome development (Eulgem, 
Rushton, Robatzek, & Somssich, 2000). A recent study shows the role of WRKY transcription 
factors in flowering time control (X. Luo et al., 2013).  
Interestingly, in G. soja, WRKY transcription factors were down-regulated in dT1 and up-
regulated in dT2, opposite to most of domesticated varieties. Moreover, in G. soja, 
approximately 3,600 more genes than other genotypes were rhythmically expressed under LD 
(Figure 1.27), indicating that G. soja maintains the ability to respond to different photoperiods, 
whereas cultivated soybean may have lost such ability during the process of domestication. GO 
functional clustering by DAVID indicated the enrichment of important common functions 
between SD and LD specific genes in G. soja. LD specific functions included cell division and 
vegetative growth, while the proportion of flowering genes was higher under SD, suggesting the 
similarity in flowering gene networks of both domesticated and wild soybean. The genes that 
show stronger response under LD in G. soja might be associated with diverse environmental 
adaptations (Guo et al., 2010). 
A shift from long day to short day treatment has stronger response and most of the genes 
change their expression with an early shift 
About two third of (31,460) genes responded to a change in photoperiods. A half of them 
(14,401) responded to all three changes (LD to shift, shift to SD and LD to SD). We found that 
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the vast majority of genes changed their expression from LD to SD. This response can be 
classified into two groups: an early response group that changes the expression from LD to 5 
days of short day (shift treatment) and a late response group that requires a prolonged SD 
treatment. We found that the number of early responders was higher than late responders. 
Number of genes changing their expression in shift treatment was almost three times higher than 
the ones that changed their expression upon a change from shift to SD. 2,064 responded 
specifically to the shift from LD to SD (early response), whereas 845 responded to the prolonged 
SD condition (Figure 1.29, 1.37). This observation suggests that the possible importance of an 
early stage of a photoperiod change in photoperiodic flowering response of soybean. GO 
functional analysis with MAPMAN indicated an early response was exhibited by C2C2 (Zn) 
CO-like and AP2/EREBP with the onset of shift, whereas MADS, WRKY and MYB 
transcription factors that played a significant role in flower development appeared later during 
the prolonged SD.  
E2 is an important locus related to flowering that responds at the onset of SD treatment  
An important objective in our study is to identify the genes under the influence of E loci. We 
found that the effect of E3 was the strongest having more differentially expressed genes than 
other E loci (2,162), followed by E2 (2,090). However, the effect of E2 was stronger under the 
flowering inductive conditions: shift (482 DEG) and SD (618  DEG),  indicating  it’s  importance  
in flowering induction. Interestingly, the effect of E3 was weakest in the flowering inductive SD 
condition. GmPhyA3, associated with E3 (Liu, B. et al. 2008) was up-regulated in E3 under LD 
(Table 1.13). E1 and E3 (GmPhyA3) both affected only a few CO and FT homologs under LD. 
Similarly; E5 did not affect important components of the photoperiodic flowering network. A 
soybean homolog of GI, GmGIa, was up-regulated in E2 under SD in the evening (T5), although 
the actual expression level was low in E2 (2.3) and e2 (1). Under shift, four FT homologs were 
also up-regulated in the afternoon (T3). Among them, GmFT2a, GmFT5a, GmFT5b had 4-5 fold 
higher expression (Table 1.11, Figure 1.40). We might conclude that, E2 plays more important 
role under shift where it affects GmGIa, GmFT2a and GmFT5a. 
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Strengths and weaknesses of RNA sequencing analysis 
Microarray techniques played a significant role in the large-scale genomic analyses including 
transcriptome analysis, exploring gene networks, DNA-protein interactions and identification of 
DNA polymorphisms. However, there are some limitations to this technique (Hitzemann et al., 
2013). For example, cross-hybridization among highly related sequences is inevitable, and the 
array design requires knowledge of sequences under investigation. In addition, detection and 
accurate quantification of low expressed genes are difficult. Moreover, microarray results are 
non-reproducible across different environments (Shendure, 2008). Other issue with microarray is 
related to annotation of probes (Liao et al., 2011).  Microarray  probes  are  3’  UTR-oriented and 
provide less information about alternative splicing (M. B. Johnson et al., 2009a; Mortazavi et al., 
2008). 
RNA sequencing (Cloonan et al., 2008; Mortazavi et al., 2008) is an efficient technique based 
upon high throughput sequencing. Specificity and sensitivity of RNA sequencing makes it a 
better choice over microarray (Mortazavi et al., 2008; Wang et al., 2009). RNA sequencing 
provides a single nucleotide resolution and helps to resolve the cross-hybridization issues of 
microarrays (Duan, Pauley, Spindel, Zhang, & Norgren, 2010). However, strengths of RNA 
sequencing sometimes become weaknesses (Givan, Bottoms, & Spollen, 2012). Isolation of 
mRNAs requires oligo dTs hybridization with polyA tails of mRNAs, however, the technique 
misses most of non-coding RNAs and RNAs lacking polyA tails (Costa, Angelini, De Feis, & 
Ciccodicola, 2010). RNA fragmentation steps for library preparation introduce position specific 
and sequence based biases (Roberts, Trapnell, Donaghey, Rinn, & Pachter, 2011). In addition, 
reverse transcription, non-random primer annealing, PCR amplification and GC content 
introduce some biases and depletion of reads at their ends (Hansen, Brenner, & Dudoit, 2010; 
Roberts et al., 2011; Wang et al., 2009). Varying length of transcript also provides variation in 
the amount of reads produced, as longer transcripts will have higher read hits than short 
transcripts. Different normalization methods such as RPKM and FPKM claim to correct these 
issues (Oshlack & Wakefield, 2009). Alternative methods for normalization and scaling have 
also been proposed (Bullard, Purdom, Hansen, & Dudoit, 2010; Dillies et al., 2013), including 
quantile normalizations (Anders & Huber, 2010b) and TMM (trimmed mean of M values) 
methods (Oshlack, Robinson, & Young, 2010; Robinson et al., 2010).  
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Unlike microarray-based gene expression data that are analyzed by t-tests or ANOVA using 
linear models, RNA sequencing provides discrete data which is better analyzed using negative 
binomial models (Anders & Huber, 2010b) or poisson models with empirical bayes estimation 
(Oshlack et al., 2010). Other limitation of RNA sequencing includes alternative splice variants 
that add more complexity to RNASeq analysis (M. B. Johnson et al., 2009b). However, different 
tools have been developed to account for this issue (Trapnell, Pachter, & Salzberg, 2009). 
Finally, quality of RNA sequencing analysis depends on quality of available reference 
genome/transcriptomes. Additional disadvantages of RNA sequencing technique are discussed 
below. 
Possible effects of high expression genes 
Highly expressed genes such as house keeping genes decrease the chance of read mapping to low 
expressed genes (Łabaj  et  al.,  2011). Our analysis might have been affected by this issue. In our 
data, some genes like Rubisco showed extremely high expression (Glyma19g06340 over mean 
8200 RPKM/sample, followed by Glyma19g06340 over 4200 RPKM and Glyma13g07610 over 
4100 RPKM) than other genes (mean of 10.65 RPKM and a median of 2.85 RPKM). Removing 
highly expressed transcripts in preparatory steps might solve this issue. 
Uncertainty in multi read mapping 
RNA sequencing resolves the issues of non-specific hybridization in microarray, but it has an 
issue of uncertainty in mapping of a read to multiple positions in the cases of repeats, paralogous 
and homeologous genes. Origin and mapping of reads at multiple positions adds another 
complexity to the analysis (Costa et al., 2010). Different approaches are implemented in software 
packages to deal with this issue. For example, TOPHat (Trapnell et al., 2009) aligns a read at all 
possible positions and penalizes the alignment score. Our analysis employed Bowtie (Langmead, 
Trapnell, Pop, & Salzberg, 2009).  The reads were aligned to both representative gene models 
(unique transcripts) and all available gene models (including alternative splice variants). We 
observed that when all gene models were used, the percentage of unaligned reads decreased. We 
also found that the expression patterns of most of alternative splicing variants were identical to 
each other. Therefore, in our final analysis, we used all available gene models and combined the 
scores of alternative splicing variants for the parent genes.  
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Possible limitations in our analysis 
Space and time-specific regulatory interactions  
Our sequencing samples are obtained from a mixture of tissues including leaves, stems and 
meristems. While this sampling strategy allows us to capture the whole flowering-related 
transcriptomes comprehensively, a possible problem is that it may add complexity to the 
expression data structure due to pooling the transcriptomes from different tissues which makes 
accurate inference of tissue-specific gene expression and regulatory interactions difficult (B. R. 
Johnson, Atallah, & Plachetzki, 2013). In addition, our sparse sampling time points may not be 
sufficient to identify accurate regulatory interactions. Variable speed of regulatory events may 
also add another complexity. For example, direct and fast regulatory events may fall into 
between the samplings and thus are impossible to infer. Alternatively, slow regulatory events 
involving slow translation of regulatory genes, additional transcription factors or gradual 
repression of downstream genes may go beyond our sampling time points.  
Epigenenomes, proteomes and metabolomes  
Secondly, because biological systems consist of different levels of regulations, a simple mRNA-
based gene regulatory network may not be sufficient to understand complex biological processes 
including flowering. For example, it has been shown that microRNA (miRNA)–mRNA 
regulatory interactions and protein–protein interactions play important roles in flowering as 
summarized below. In addition to transcriptome data, investigation of epigenenomes, proteomes 
and metabolomes will be essential next steps toward better understanding of the flowering gene 
network.  
miRNAs are non-coding RNA (ncRNA) of about 22 nucleotides. miRNAs play important roles 
in regulation of gene expression by targeting mRNA molecules. This binding causes the 
degradation of mRNA via endo-nucleolytic cleavage and/or translational repression; both 
contribute to the process known as gene silencing (Herranz & Cohen, 2010). At least nine 
miRNA families are known to be involved in flowering control: miR156, miR159, miR164, 
miR165/166, miR167, miR169, miR172 and miR319 (Y. Luo, Guo, & Li, 2013). These miRNAs 
target different families of transcription factors. For example, miR156 controls the transition 
from the vegetative phase to the reproductive phase by targeting SQUAMOSA PROMOTER 
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BINDING PROTEIN-LIKE (SPL) transcription factors in Arabidopsis, rice and maize (Chuck, 
Meeley, & Hake, 1998; Gandikota et al., 2007). miR172 regulates flowering time and floral 
organ identity through translational repression and degradation of AP2-like transcription factors 
(Aukerman & Sakai, 2003; Chen, 2004). In addition, the miR159-MYB transcription factor 
interactions also affect flowering and floral meristem formation (Y. Luo et al., 2013). 
Proteins are the products of genes and determine regulatory actions of genes. It is known that 
transcript level may not necessarily correlate well with amount of proteins produced (de Sousa 
Abreu, Penalva, Marcotte, & Vogel, 2009) (Schwanhäusser et al., 2011). It is therefore important 
to consider regulations at the protein level, including translational and post-translational 
regulation, protein modification, protein-protein interactions and protein-DNA interactions that 
add another complexity to understanding regulatory interactions (Vogel & Marcotte, 2012).  
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1.4 MATERIALS AND METHODS 
 
Plant material and growth conditions 
Transcriptome analysis was performed using the Glycine max variety Clark and four near 
isogenic lines (NILs) that are polymorphic for E loci (E1, E2, E3, and E5), as well as the 
reference variety, Williams 82, and a soybean ancestor, Glycine soja. NILs were used to reduce 
the effect of genomic background for studying photoperiodic flowering. The USDA Soybean 
Germplasm Collection, curated by Dr. Randall Nelson, provided seeds for Clark (PI 548533), 
Williams 82 (PI 518671), the NILs (PI 547431; PI 547432; PI 547610; PI 591490), and Glycine 
soja (PI 549046) (Table 1). These NILs are the products of introgression into Clark and carry 
alternative alleles at E loci (Cober et al., 1996a). e1 allele causes a strong early flowering 
response, whereas a weak - moderate early flowering response was observed in case of e2, e3, e4 
and e5.  
The seeds were grown within the Plant Sciences Laboratory greenhouse complex. The rooms 
were equipped with supplemental lighting necessary to grow the plants under long-day (LD) or 
short-day (SD) conditions. 12cm square plastic pots were used for the plants using custom mix 
known as Vodkin mix. It consists of 2:1 (Soybean Mix and Universal Mix). The Soybean Mix is 
1:1:1 (Soil, Perlite and Torpedo Sand), and the Universal Mix is 1:1:1 (Soil, Peat and Perlite).  
After the soil was autoclaved, it was used to fill the 12cm pots. Pots were separated into pairs. 
Each pair represents a single set. The sets were labeled with white styrene plant labels. After 
labeling, the seed was planted in the dry, loose soil approximately 1-1.5 inches deep.  A single 
seed from each of the seven lines were planted randomly between the two pots of the set. Three 
random lines in one pot and four random lines in the other pot to eliminate variability from 
additional growth space. The soil was then watered down to induce the germination of the seed.  
Each set of plants contained one of each line: Clark, Williams 82, the four NILs, and Glycine 
soja (Table 1), for seven plants per set.  30 sets were assigned one of three day-length treatments: 
SD, LD and a Shift from LD to SD. LD plants were exposed to 16 hours of light where day 
length lasted from 6:45 until 22:45 with supplemental lighting to extend the day past natural 
dusk. SD day plants were given 10 hours of light where day length lasted from 6:45 until 16:45 
with the blackout curtain establishing an artificial night prior to natural dusk.  Plants under Shift 
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treatment were germinated and grown in LD for 21 days and shifted to SD for 7 days. The 
sampling for the SD occurred 24 DAP (Days after Planting), while sampling for LD plants 
occurred 26 DAP. Shift samples were exposed to LD treatment for 21 days and then shifted to 
SD for 7 days (sampled; 28DAP). Each sampling occurred every 8 hours over a 24-hour period 
for a total of 3 samplings at 6:30 am (Time point 1), 2:30 pm (Time point 3) and 10:30 pm (Time 
point 5).  A total of 3 biological replicates were taken. In total, there were 189 samples in our 
experiments. 
Plant sampling 
Randomly selected plants at a particular time were cut to include 3-4 leaf trifoliates (above the 
cotyledon) and placed into the appropriately labeled styrofoam cup having liquid Nitrogen. The 
roots or cotyledons were not sampled. Each time point was sampled in approximately five 
minutes to prevent biochemical/physiological variation since the experiment is extremely time 
sensitive. The plant samples were then stored at -80°C in labeled aluminum foil rather than 
freeze-drying. The samples were then ground resulting in a homogenous mixture of soybean 
plant tissue. The ground material was separated into multiple labeled 2mL screw-top tubes. The 
samples were all kept frozen using liquid nitrogen during grinding and aliquoting, and placed in 
the -80°C.  
RNA preparation 
The ground tissue in -80°C was used for RNA isolation. In order to isolate the RNA, 200mg of 
stock tissue was transferred to a 2mL tube containing a metal lyse ball. The transfers were placed 
into the TissueLyser II (Qiagen®) to further disrupt the tissue. The transfers were pulverized in 
liquid nitrogen chilled plates twice for one minute at maximum cycles (30/second). The next 
series of steps were performed following the protocols in RNeasy® Mini Handbook (4 ed.) found 
in the RNeasy® Plant Mini Kit (Qiagen®) with a few minor modifications; After tissue 
disruption,  900uL  of  10uL  β-Mercaptoethanol  (β-ME)/1mL Buffer RLT mix were added to each 
transfer tube for lysis of cells and tissues before RNA isolation.  The transfers were immediately 
mixed vigorously using Vortex-Genie 1® (Scientific Industries®) and placed into a 56°C dry bath 
for 2-3 minutes.  After the short incubation period, the transfer tubes were mixed vigorously and 
centrifuged for 10 minutes to separate out the plant debris.  The lysate was then transferred to a 
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QIAshredder spin column (lilac) placed in a 2mL collection tube, and centrifuged for 2 minutes 
at full speed. The supernatant of the flow-through was then transferred to a new 2mL tube. 0.5 
volume (450uL) of ethanol was added to the lysate, and mixed by pipetting. The sample was then 
transferred to an RNeasy® spin column (pink) placed in a 2mL tube, and then centrifuged for 15 
seconds. The flow-through was discarded. The optional On-Column DNase Digestion with the 
RNase-Free DNase Set was performed on all samples.  350uL of Buffer RW1 was added to the 
RNeasy® spin column, and centrifuged for 15 seconds.  The flow-through was discarded.  Next, 
10uL DNase I stock solution and 70uL Buffer RDD were added directly to the spin column, and 
allowed to sit for 15 minutes to allow for DNase digestion.  Finally, another 350 uL of Buffer 
RW1 was added to the RNeasy® spin column. The flow-through was discarded. 500uL of Buffer 
RPE was added to the RNeasy® spin column, and then centrifuged for 15 seconds.  Another 
500uL of Buffer RPE was added to the RNeasy® spin column and centrifuged for 2 minutes. The 
columns were placed in new collection tubes and centrifuged for 1 minute to remove residual 
ethanol from the Buffer RPE solution.  The columns were then placed in 1.5mL appropriately 
labeled tubes to collect the eluate containing RNA.  
Finally, 30uL of 50°C RNase-free water was added directly to the RNeasy® spin column. The 
columns were allowed to stand for 1 minute to allow the water to diffuse through the column, 
and then they were centrifuged for 1 minute to elute the RNA. To increase the concentration of 
RNA in the solution the eluate was again placed directly on the column, allowed to stand for 1 
minute, and centrifuged for 1 minute. 1.5uL of RNA for each sample was taken to the W. M. 
Keck   Center’s   Functional   Genomics   Lab   (located   at   the   University   of   Illinois   at   Urbana-
Champaign in 340 of the Edward R. Madigan Lab) for measurement of RNA quality and 
quantity   using   the   NanoDrop™   1000   Spectrophotometer   (Thermo   Scientific®).  Each 1.5uL 
RNA sample was measured and analyzed.  The 260/280 ratio was used to indicate the quality of 
RNA.  If  the  ratio  was  ≥2.0,  then  it  was  accepted  as  “pure”  RNA.  The  sample  concentration  was  
-Lambert equation (manipulated to use an extinction 
coefficient): 
𝑐 =
(஺  ×  ௘)
௕
  [Equation 1] 
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where c = the nucleic acid concentration in ng/uL, A = the absorbance in Absorbance Units 
(AU), e = the wavelength-dependent extinction coefficient (40 ng-cm/uL in RNA), and b = is the 
path length in cm. Sufficient RNA quantity is >500ng/uL for this study (Ingle and Crouch, 
1988). 
RNA sequencing 
Sequencing was performed at W. M. Keck center by using illumina-sequencing technology. 
Sequencing was performed in 12 lanes. Samples were assigned randomly to each lane, to reduce 
possible lane effect. To increase the number of reads per sample, we allocated less samples to 
each lane than the maximum possible number of samples (24). 9 lanes were assigned 16 samples 
each and three lanes were assigned 15 samples each. Effect of sequencing lanes was reduced by 
randomly assigning the samples to four lanes (confirmed by statistical analysis).  Number of 
reads obtained per lane was significantly high, ranging from 146 million to 185 million reads per 
lane and 9.5 to 12.3 million per sample (Figure 2). Average reads per sample was around 10 
million that is a good number. Reads were 100 nt in length, The RNAseq libraries were prepared 
with Illumina's 'TruSeq RNAseq Sample Prep kit. The libraries were pooled and quantitated by 
qPCR, and sequenced for 101 cycles on a HiSeq2000 using a TruSeq SBS sequencing kit version 
3 and analyzed with Casava-1.8 (pipeline 1.9), following the manufacturer's instructions 
(Illumina, San Diego, CA). The quality-scores line in fastq files processed with Casava1.8 using 
an ASCII offset of 33 (known as Sanger scores) instead of the previous 64 offset. (pools 1-2-3 
run 160, HiSeq#1 with an error rate of 0.84 %, pools 4-5 run 162, HiSeq#1 with an error rate of 
0.54% pools 6 through 12, run 226 HiSeq#2error rate: 0.88%). 
Quality control 
W. M. Keck Center applied quality control steps before releasing the data. For most of the 
samples the read quality was high (Figure 1.3). Individual sample qualities were re-ensured by 
two softwares FastX (Hannon Lab -) and fastQC (Barbaraham Lab). All average quality scores 
were 20 or higher.  
 
 
 30 
Alignment 
Reads were mapped to soybean transcriptome (Williams 82) obtained from latest release of 
Phytozome database (Schmutz et al, 2010) using Bowtie aligner (parameters; --best --sam-nosq -
q --phred33-quals) (Langmead et al, 2009). Reads mapped to specific transcripts were recorded 
as hits and counted with Python scripts, and the raw read counts were stored an excel 
spreadsheet. The obtained raw counts were normalized using Reads Per Kilo base pair of 
transcript per Million of the mapped reads (RPKM) method (Mortazavi, Williams, McCue, 
Schaeffer, & Wold, 2008) to remove the effects of unequal gene-length and library sizes. RPKM 
normalization is a suitable method to investigate the relative expressions of genes across 
different treatment combinations.  
Sequence submission 
The sequencing data (the accession numbers GSM1234545 - GSM1234733) were deposited in 
the Gene Expression Omnibus (GEO) site at the National Canter for Biotechnology Information 
(NCBI) website (http://www.ncbi.nlm.nih.gov/geo/). 
BLAST analysis 
To identify the potential orthologs between soybean and Arabidopsis, we performed pBLAST 
(Altschul et al., 1990) using updated soybean gene models from latest release of phytozome 
(V1.1) that contains 73,320 transcripts with alternative splicing variants and 54,175 
representative gene models (the longest transcript for each locus including UTRs). BLAST 
search was carried out using both representative gene models and all gene models for 
Arabidopsis genes (TAIR10) and soybean. pBLAST search was performed at an e value cut off 
of 1e-5, identity of 40 percent, and query or subject coverage of at least 50 percent. We found that 
different alternative splice variants resulted in differences in their alignment statistics and 
BLAST hits. We used all gene models for our final search.  
Data visualization and analysis of variation in the data                         
We explored different data separation and clustering techniques of different bioconductor 
packages: Limma (Smyth, 2005), edgeR (Robinson and Oshlack, 2010) and DESeq (Anders and 
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Huber, 2010), that employ techniques such as hierarchical clustering (HCL), Multi dimensional 
scaling (MDS plots) and principal components analysis (PCA) to infer the amount of variation in 
the data. 
Hierarchical clustering (HCL) 
Binary trees of soybean flowering gene families were constructed by grouping expression of 
homologous genes in RPKM values using the hierarchical clustering (HCL) method (Eisen, 
Spellman, Brown, & Botstein, 1998; Weinstein et al., 1997). HCL is an agglomerative method 
applied for innitial data exploration. HCL constructs a binary tree by grouping samples based on 
their similarities.  
Principal components analysis (PCA) 
Principal Components Analysis (PCA) was carried out to observe variations among the RNAseq 
samples. PCA extracts the most representative features in data, known as principal components 
(Raychaudhuri, Stuart, & Altman, 2000). The obtained results were visualized in two or three 
dimensions to infer variations in the data.  
Analysis of gene functions 
Gene ontology (GO) annotations are sets of controlled vocabulary terms to define and describe a 
general or specific function of a list of genes (Ashburner et al., 2000). Different software 
packages are available online with their own algorithms for enrichment of significant GO terms. 
Database for Annotation, Visualization and Integrated Discovery (DAVID) (D. W. Huang, 
Sherman, & Lempicki, 2008) is an efficient tool for identification and analysis of biological 
functions underlying the lists of genes. Because DAVID does not recognize soybean phytozome 
IDs, we used IDs of Arabidopsis orthologs obtained by best BLAST hits. The GO functional 
annotation-clustering tool implemented in DAVID was used to cluster GO terms into related 
biological modules. Clusters with a score higher than 1 were used. Clusters with same biological 
functions were merged and unique genes in each cluster were counted using in-house python 
scripts. Top 20 clusters were retained and the rest were placed in the miscellaneous category.  
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Functional analysis with MAPMAN 
MAPMAN is a user-friendly application to infer functions of different genes into different 
pathways (Thimm et al., 2004). MAPMAN describes different functional compartments (BINS) 
with different functions and genes associated with them. Each bin has been manually defined or 
imported from Gene Ontology Consortium (GOC). MAPMAN has been added the statistical 
analysis to infer the significant enrichment of important functions (BINS). It performs Wilcoxon 
rank sum test to reveal whether the response of a BIN is significantly different than other BINS 
or not. For our analysis, we used Wilcoxon rank sum test with Benjamini Hochberg corrections. 
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1.6 FIGURES 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1.1: Photoperiod treatments and sampling time points used in the present study.  
Short day (SD) plants were exposed to 10 hours of light followed by 14 hours of dark for 
four weeks. Long day (LD) plants were exposed to 16 hours of light followed by 8 hours 
of dark for four weeks.  Shift (Sh) plants were exposed to a 3-week LD treatment 
followed by 1 week SD treatment. Sampling for RNA sequencing data was performed at 
three time points; early morning: 6:30 (T1), later afternoon: 14:30 (T3) and late evening: 
22:30 (T5). 
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Figure 1.2: Number of the reads produced by 12 illumina lanes. In order to eliminate variation among lanes in sequence 
quality, samples were assigned randomly to each lane. Blue bars indicate the total reads produced by each lane, whereas red 
bars indicate average reads per sample for each lane. Lanes 7 and 8 produced a maximum number of reads (185 million) and 
lane 3 produced minimum reads per sample (9.14 million).  
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Figure 1.3: Box plot representation of 100-bp illumine read quality scores. X-axis represents nucleotide positions of reads and 
Y-axis represents quality scores of reads. Reads are of high quality towards 5’  end as a general feature of illumina. Overall 
quality of our read data is high (a score of 20 or above).
Read position (1 through 100)
40
20
30
10
 0
-10
   
R
ea
d 
qu
al
ity
 sc
or
es
 
 50 
 
 
 
  
 
 
Figure 1.4: Percentage of mapped reads to the soybean transcriptome (Phytozome v1.1). Bars represent mean percentage of 
reads mapped for 3 replicates. Samples shown are 7 genotypes (G1 through G7) at 3 time points (T1, T3 and T5) in each 
treatment (LD, SD and shift). Mean alignment was 87.82%. The error bars represent standard errors of the mean.
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Figure 1.5: Overall expression of soybean genes under all treatment combinations. 
(A) Mean expression (asterisk) is 10.63 (log2: 4.4), whereas median (horizontal line) is 
2.26 (log2: 1.176). 25% of genes showed 0.172 RPKM or below. 75% of the genes 
showed below 8.7 RPKM. (B) The distribution of normalized expressions for different 
samples showed a similar trend. Green arrow indicates a cut off of 0.1 (log2 -3.3). The 
distribution is skewed towards the right. A significant amount of genes showed over 
1,000 RPKM (blue circle).   
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Figure 1.6: Number of genes expressed (y axis) at different RPKM cut-off values (x 
axis). Number of genes expressed is higher under SD followed by Shift and LD.           
An overall 92% of the genes are expressed in at least one sample at an RPKM cut-off of 
0.1.  
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Figure 1.7: Data exploration by Principle Component Analysis (PCA).  (A) Effect of 
illumine lanes (1 through 12, shown in different colors). Absence of Lane effect was 
indicated as the samples from the same lanes were scattered.  (B) Samples from different 
treatment combinations. A strong time point effect appeared. One shift sample for 
genotype 6 at time point 3 (red arrow) showed a significant variation from other samples 
with the same treatment combinations. 
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Figure 1.8: Exploration of SD data by PCA (A) and heat map plots (B). PCA illustrates 
that three time-points are clearly separated from each other. Three Biological replicates 
from same genotype vary significantly from each other.  Heat-plot, also shows separation 
of three time points with exception of samples of G. soja samples (G7) and a replicate 
from genotype 5 (Isoclark L74-441) in time-point 5. 
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 Figure 1.9: Exploration of LD data by PCA (A) and MDS plots (B) based upon the 
distance between samples. Both PCA and MDS illustrate that three time-points are 
clearly separated from each other.  MDS also shows separation of the genotypes within 
each time-point. Samples from G7 (G. soja) show more variation as expected.  
! 56!
Figure 1.10: Exploration of shift data by PCA (A) and MDS plots (B) based upon 
the distance between samples. Both PCA and MDS illustrate that three time-
points are clearly separated from each other.  MDS also shows separation of the 
genotypes within each time-point. Samples from G7 (G. soja) show more 
variation as expected. Genotype 6 (NIL: L92-1195) in time-point 5 shows 
significant variation (indicated by red arrow). 
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Figure 1.11: Venn diagram representing differentially expressed genes declared by three 
Bio-conductor packages edgeR, DESeq and Limma. For Limma, RPKM normalized data 
(A) and VST transformed data (B) are used. edgeR was the most efficient in finding more 
DEG than others. There were more overlaps between edgeR and DESeq. 
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Figure 1.12: Distributions of Blast parameters. Percentage identity (PID), subject 
coverage (SC) and query coverage (QC) are shown as kernel density plot (A) and box 
plots (B). Alignments results were good with mean identity of 60 and mean subject and 
query coverage around 90.
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Figure 1.13: Soybean homologs of Arabidopsis flowering genes in different pathways. (A) Number of genes in each 
pathway. (B) Percentage of genes in each pathway. Inner circle represents Arabidopsis flowering genes while outer 
circle represents soybean genes. Each Arabidopsis gene was associated with an average of 2-3 Soybean genes with an 
over-representation of meristem identity genes in soybean. !
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Figure 1.14: Neighbor-Joining based phylogenetic tree of Arabidopsis CO 
(AT5G15840) and soybean CO homologs using MEGA 5.1. Eight highly 
related homologs arranged themselves into four sets of homeologous gene pairs. 
Numbers at branches indicate bootstrap percentage supports. Genes are named 
based upon their relatedness to Arabidopsis CO genes. Corresponding soybean 
(Glyma) IDs are listed in table 1.20. 
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Figure 1.15: Neighbor-Joining based phylogenetic tree of Arabidopsis CETS 
family (FT, BFT, MFT, ATC and TFL1) and soybean CETS homologs using 
MEGA 5.1. Numbers at branches indicate bootstrap percentage supports. There 
are 9 soybean homologs for FT, 6 for TFL1 and 2 each for BFT and MFT. 
Numbers at branches indicate bootstrap percentage supports. Genes are named 
based upon their relatedness to Arabidopsis FT and TFL1. Corresponding 
soybean (Glyma) IDs are listed in table 1.20.
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Figure 1.16: Expression profiles of soybean CO homologs. Mean RPKM values for the three replicates within each of the three 
time points (1: T1, 2: T3 and 5: T5) across seven genotype (G1, Clark; G2, Williams 82; G3 to G6, Clark NILs; and G7, G. 
soja) in each of the three photoperiods (long day, shift and short day) are plotted in logarithmic scale to elaborate the 
expression of low expressed genes (A). Expression profiles of Arabidopsis CO from a similar microarray based study (Michael 
et al., 2008) are provided for comparison (B), where the time points (T1, T3 and T5) relevant to our study are connected by 
blue (day 1) and red (day 2) lines. 
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Figure 1.17: Expression based tree of soybean CO homologs across all photoperiod treatments averaged for three 
replicates.  The unsupervised Hierarchical Clustering (HCL) method in MEV package was used on RPKM 
normalized expressions. Rainbow color scheme was used to indicate a range of gene expression levels: blue indicates 
low, red indicates high and black indicates no expression. The first letter in sample labels indicates photoperiod 
treatment. Time points are labeled as 1: T1, 3: T3 and 5: T5 followed by genotypes (G1, Clark; G2, Williams 82; G3 
to G6, Clark NILs; and G7, G. soja). The tree resembles the sequence-based tree (Figure 1.14) where homeologus 
genes show similar expression patterns. 
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Figure 1.18: Heat map diagram, showing the fold change in expression of significantly expressed CO homologs in 
soybean across two time point changes dT1 (T1 to T3) and dT2 (T3 to T5). Green color represents negative fold 
change (down-regulated) and red indicates positive fold change (up-regulated). First letter in sample labels indicates 
time point changes followed by photoperiod treatment (L, long day; Sh, shift treatment; and S, short day) and 
genotypes  (G1,  Clark;;  G2,  William’s  82;;  G3  to  G6,  Clark  NILs;;  and  G7,  G. soja).
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Figure 1.19: Expression profiles of FT homologs (A). Mean RPKM expressions for the three replicates are plotted in 
logarithmic scale. Two important FT homologs GmFT2a and GmFT5a (Kong et al., 2010b) show higher expression 
during morning time points (B and C). Expression profiles of Arabidopsis FT from publicly available microarray 
experiments (D and E). The relevant time points (T1, T3 and T5) are connected by blue (day 1) and red (day 2) lines 
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Figure 1.20: Expression based tree of soybean FT homologs across all photoperiod treatments averaged for three replicates 
(A).  Heat map diagram of the fold changes in expression in dT1 and dT2 (B). Green color represents negative fold change 
(down-regulated) and red indicates positive fold change (up-regulated genes). 
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Figure 1.21: Expression profiles of soybean TFL1 homologs (A), mean RPKM values of three replicates are plotted 
in logarithmic scale to elaborate the expression of low expressed genes. Expression profiles of Arabidopsis TFL1 
from publicly available microarray experiments (B). The relevant time points (T1, T3 and T5) are connected by blue 
(day 1) and red (day 2) lines. 
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Figure 1.22: Expression profiles of soybean GI homologs in soybean (A), mean RPKM values of three replicates are 
plotted in logarithmic scale to elaborate the expression of low expressed genes. Expression profiles of Arabidopsis GI 
from publicly available microarray experiments (B). The relevant time points (T1, T3 and T5) are connected by blue 
(day 1) and red (day 2) lines
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Figure 1.23: Number of differentially expressed genes (DEG) for each genotype across 
time points (dT1, a change from T1 to T3; and dT2, a change from T3 to T5) for all genes 
(A) and candidate flowering genes(B). More rhythmically expressed genes were observed 
in SD than LD, with an intermediate number of genes in the shift condition. G7 shows the 
highest overall DEG. More genes are down-regulated in dT1 and the proportion of up-
regulated genes is higher in dT2. Counts of up-regulated genes were higher under SD and 
shift. G7 showed a stronger response in dT1 under LD. 
 
 
 
 
! 70!
!
Figure 1.24: Pairwise comparisons using Tukey’s HSD. (A) A significant 
photoperiod treatment effect was observed. SD and LD differ significantly, 
whereas shift was intermediate. (B) DEG in dT1 and dT2 differ significantly. (C) 
Comparisons among genotypes. (D) Box plots indicating that the distribution of 
DEG in each genotype. G7 is significantly different from G4 and G5 under LD. !
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Figure 1.25: Stacked bar charts representing the number of genes belonging to 
different oscillation (clusters) in all genes category (A) and candidate flowering 
genes (B). The expression of a gene is compared across two time point changes 
or comparisons (dT1, a change from T1 to T3 and dT2, a change from T3 to 
T5), where a gene can be up-regulated (U), down-regulated (D) or stays neutral 
(N). Regulation trend of any gene across two comparisons leads to seven 
possible clusters (excluding no change in both). These clusters are shown in 
different colors, labeled as a combination of two letters where first character 
represents the trend (U, D or N) in dT1 and second character represents the 
trend in dT2.  
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Figure 1.26: Number of significantly occurring cis-regulatory elements in log 
scale, 1 kb upstream of transcription start site (TSS) of gene showing daily 
oscillation patterns (differentially expressed in dT1 (a change from T1 to T3) 
and/or dT2 (a change from T3 to T5) under long day (A) and short day (B) in 
G1; Clark, G2; Williams 82 and G7; Glycine soja. U represents up-regulated 
genes and D represents down-regulated genes for a time point comparison (dT).  
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Figure 1.27: A comparative view of the number of genes showing daily 
oscillation patterns in all soybean genes and in candidate flowering genes (A). 
More genes in G. soja (G7) were rhythmically expressed than any other 
genotype under LD (A and B). GO functional annotation clustering by DAVID 
using G7 specific genes versus non-specific genes as background indicates the 
enrichment of different functions under SD (red), LD (brown) and common in 
both (blue). 
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Figure 1.28: Effect of a change in treatment from long day to shift in all genes (A) and 
candidate flowering genes (B). In general the response was high in the morning (T1), 
gradually decreasing in the afternoon (T3) and evening (T5). In the candidate flowering 
genes, more genes responded during under T3 where most of the genes were up-
regulated.
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Figure 1.29: GO functions for a change in gene expression in Williams 82 (G2) from LD to shift in all gene models 
(A) and candidate flowering genes (B)
 76 
 
 
Figure 1.30: GO functions for a change in gene expression of G. soja (G7) from LD to shift in all gene models (A) 
and candidate flowering genes (B).
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Figure 1.31: Effect of a change in treatment from shift to SD in all genes (A) 
and candidate flowering genes (B).
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Figure 1.32: GO functions for a change in gene expression in Williams 82 (G2) from shift to SD in all gene models 
(A) and candidate flowering genes (B).  
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Figure 1.33: GO functions for a change in gene expression in G. soja (G7) from shift to SD in all gene models (A) 
and candidate flowering genes (B).  
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Figure 1.34: Effect of a change in treatment from LD to SD in all genes (A) and 
candidate flowering genes (B)
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Figure 1.35: GO functions for a change in gene expression in Williams 82 (G2) from LD to SD in all gene models 
(A) and candidate flowering genes (B).
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Figure 1.36: GO functions for a change in gene expression of G. soja (G7) from LD to SD in all gene models (A) and 
candidate flowering genes (B).
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Figure 1.37: Genes responding to different treatment combinations along with 
functional clustering in all gene models (A) and flowering gene set (B). 
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Figure 1.38: Effect of different E loci in terms of numbers of underlying 
differentially expressed genes for all gene models (A) and candidate flowering 
genes (B). 
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Figure 1.39: Heat Map diagrams representing the expression of genes under the effect of 
E1 under LD (A), shift (B) and SD treatment for all gene models (FDR < 0.05) and 
candidate flowering genes (FDR < 0.1).
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Figure 1.40: Heat Map diagrams representing the expression of genes under the effect of 
E2 under LD (A), shift (B) and SD treatment for all gene models (FDR < 0.05) and 
candidate flowering genes (FDR < 0.1).
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Figure 1.41: Heat Map diagrams representing the expression of genes under the effect of 
E3 under LD (A), shift (B) and SD treatment for all gene models (FDR < 0.05) and 
candidate flowering genes (FDR < 0.1).
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Figure 1.42: Heat Map diagrams representing the expression of genes under the effect of 
E5 under LD (A), shift (B) and SD treatment for all gene models (FDR < 0.05) and 
candidate flowering genes (FDR < 0.1). 
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Figure 1.43: Venn diagrams showing the overall effect of E loci for (A) all gene models 
(B) candidate flowering genes.
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Figure 1.44: GO functional analysis of the overall effect of E loci for all gene models (blue bars) and candidate flowering 
genes (red bars). 
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Figure 1.45: Venn diagrams showing the effect of E loci under LD for (A) all gene 
models (B) candidate flowering genes.
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Figure 1.46: Venn diagrams showing the effect of E loci under shift for (A) all gene 
models (B) candidate flowering genes. 
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Figure 1.47: Venn diagrams showing the effect of E loci under SD for (A) all gene 
models (B) candidate flowering genes.
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 1.7 TABLES  
 
Table  1.1:  Seven  soybean  inbred  lines,  their  allele  types  for  Maturity  Loci  (E-Loci)  and  the  days  to  flowering.  Six  Glycine  max  
inbred  lines:  Two  common  North  American  cultivars,  Clark  and  Williams  82;;  four  near  isogenic  lines  (NILs)  of  E  loci  in  Clark  
with  contrasting  alleles  in  E1,  E2,  E3,  and  E5;;  and  Glycine  soja  were  used.  The  genotype  information  is  based  on  the  record  in  
the  USDA  soybean  germplasm  collection.  The  flowering  time  in  the  field  is  the  average  of  flowering  time  data  from  2  
consecutive  years  based  on  the  record  in  the  USDA  soybean  germplasm  collection. 
 
Variety Maturity Locus (E-Locus) Days to flowering 
Field Greenhouse 
   
SD LD 
Clark e1E2E3E4e5E7 33 27 ± 1 63 ± 2 
Williams 82 E2 33 27 ± 1 61 ± 3 
L65-3366 E1E2E3E4e5E7 61 29 ± 2 97 ± 10 
L66-432 e1e2E3E4e5E7 50 29 ± 1 74 ± 4 
L74-441 e1E2e3E4e5E7 56 30 ± 1 52 ± 3 
L92-1195 e1E2e3E4E5E7 36 28 ± 0 70 ± 9 
Glycine soja N/A N/A 27 ± 1 107 ± 8 
 95 
Table 1.2: Combinations of pairwise comparisons performed to identify the effect of 
E Loci. Genotypes of the loci involved are also shown. A contrast between Genotype 
1 (G1) and G3 identifies the effect of genes under the influence of E1. The genes up 
regulated in this test are the ones whose expressions are higher for E1 and low toward 
e1 and so on. 
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Table 1.3: Number of orthologs between Soybean and Arabidopsis found at different criteria 
after running BLASTP for Soybean as query sequences versus Arabidopsis peptides as search 
database. e value (E), percent identity (PID), percent query coverage (PQC) and percent 
subject coverage (PSC). We finally selected the gene pairs at and e value cut off of 1e-5 PID 
40 and atleast one of the query or search must have been aligned 50% (shown in bold). 
 
Criteria Number of genes associated 
E Value PID PQC PSC Soybean Arabidopsis 
1e-5 Default Default Default 48685 15328 
1e-5 40 60 60 34502 13001 
1e-5 40 50 50 36097 13350 
1e-5 40 50         or 50 41066 14032 
1e-6 Default Default Default 48520 15292 
1e-6 40 60 60 34494 12997 
1e-6 40 50 50 36087 13346 
1e-6 40 50         or 50 41029 14024 
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Table 1.4: Analysis of Variance Table: Effect of change in time point (dT). (A) overall (B) 
within long day and (C) within  short day. 
A 
 
 
 Df Sum Sq Mean Sq F value Pr(>F) 
Trt 2 52005883.36 26002941.68 34.7072381 1.27E-09 
Geno 6 4740710.476 790118.4127 1.054604829 0.404728724 
dT 1 33393802.01 33393802.01 44.5721354 4.23E-08 
Trt:Geno 12 11238254.81 936521.2341 1.250014935 0.283416785 
Trt:dT 2 1582342.31 791171.1548 1.056009969 0.356894004 
Geno:dT 6 2670816.238 445136.0397 0.594142105 0.733167303 
Trt:Geno:dT 12 4884324.19 407027.0159 0.543276362 0.873364167 
Residuals 42 31466737.5 749208.0357 
   
B 
 
 
Df Sum Sq Mean Sq F value Pr(>F) 
Geno 6 9236366.714 1539394.452 3.047816773 0.040196816 
dT 1 7245108.893 7245108.893 14.34444848 0.001999936 
Geno:dT 6 4963134.857 827189.1429 1.637735501 0.209155895 
Residuals 14 7071134.5 505081.0357 
   
C 
 
 
Df Sum Sq Mean Sq F value Pr(>F) 
Geno 6 1821148.714 303524.7857 0.36226768 0.89081272 
dT 1 8798729.143 8798729.143 10.50159772 0.005922226 
Geno:dT 6 1472079.857 245346.6429 0.292829987 0.930450331 
Residuals 14 11729854 837846.7143 
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Table 1.5:  Glycine soja specific candidate flowering genes that showed daily oscillations under long day treatment.  
 
Glyma ID TAIR10 best hit 
symbol 
TAIR10 best hit description Pathway RPKM 
T1 
RPKM 
T3 
RPKM 
T5 
Fold 
Change 
dT1 
Fold 
Change 
dT2 
Glyma05g13890 AREB3,DPBF3 ABA-responsive element binding 
protein 3 
B 0.48 1.6 0.99 2.76  
Glyma04g36620 REF6 relative of early flowering 6 D 2.84 6.31 6.78 1.81  
Glyma04g36630 REF6 relative of early flowering 6 D 2.33 5.07 4.98 1.77  
Glyma02g13401 AGL2,SEP1 K-box region and MADS-box 
transcription factor family protein 
D 0 0.02 0.33  12.5 
Glyma08g42300 AGL1,SHP1 K-box region and MADS-box 
transcription factor family protein 
D 0.65 0.15 0.32 -5.07  
Glyma18g12590 AGL1,SHP1 K-box region and MADS-box 
transcription factor family protein 
D 0.35 0.05 0.11 -8.05  
Glyma14g03100^ AGL5,SHP2 K-box region and MADS-box 
transcription factor family protein 
D 0.29 0.89 0.13  -4.84 
Glyma04g10820^ 14-3-3PHI,GF14 
PHI,GRF4 
GF14 protein phi chain I 138.72 107.12 80.38 -1.58  
Glyma08g47900 GF14 NU,GRF7 general regulatory factor 7 I 91.63 67.23 91.66 -1.72  
Glyma19g29610 CDF2 cycling DOF factor 2 L 1.05 2.41 2.01 1.98  
Glyma02g00830 AT-
PHH1,ATCRY2, 
CRY2,FHA,PHH1 
cryptochrome 2 L 4.08 4.5 8.56  1.82 
Glyma01g21831 PFT1 phytochrome and flowering time 
regulatory protein (PFT1) 
L 0.77 1.41 2.86  2.03 
Glyma15g23400 PHYE phytochrome E L 1.02 2.73 2.65 2.2  
Glyma11g05720 AP2,FL1,FLO2 Integrase-type DNA-binding 
superfamily protein 
M 19.42 12.11 17.04 -1.9  
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Table  1.5  Cont’d 
 
 
Glyma ID TAIR10 best 
hit symbol 
TAIR10 best hit description Pathway RPKM 
T1 
RPKM 
T3 
RPKM 
T5 
Fold 
Change 
dT1 
Fold 
Change 
dT2 
Glyma08g22501 UFO F-box family protein M 2.26 6.86 3.15 2.59 -2.2 
Glyma10g01830  Homolog of KH domain-containing 
protein 
O 5.95 2.87 2.9 -2.49  
Glyma09g42140  TCP family transcription factor O 1.79 4.5 2.89 2.05  
Glyma09g42120  TCP family transcription factor O 1.4 5.5 3.27 3.21 -1.72 
Glyma14g36100 VEL1 vernalization5/VIN3-like V 0.39 1.32 0.71 2.79  
Glyma02g37880 VEL1 vernalization5/VIN3-like V 0.54 1.55 0.78 2.47 -2.02 
Glyma12g05250 REM39,VRN1 AP2/B3-like transcriptional factor family 
protein 
V 0.47 1.64 1.55 3.01  
Glyma01g41460^ VRN2 VEFS-Box of polycomb protein V 12.9 8.95 10.27 -1.77  
 
^ confirmed by Reciprocal Blast   
 
Pathways:   B: ABA response  D: Development (Flower, fruit or seed)  I: Integrators M: Meristem Identity  
L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms)  V: Vernalization O: Others 
dT1: A change in expression from morning (T1) to afternoon time point (T3) 
dT2: A change in expression from afternoon (T3) to evening time point (T5)  
Note: Fold change is shown only for the significant genes (FDR < 0.05) 
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Table 1.6: Glycine soja specific candidate flowering genes that showed daily oscillations under short day treatment 
Glyma ID TAIR10 best Hit TAIR10 gene description Pathway RPKM 
T1 
RPKM 
T3 
RPKM 
T5 
Fold 
Change 
dT1 
Fold 
Change 
dT2 
Glyma06g04346 ABF2,AREB1,ATA
REB1 
abscisic acid responsive elements-
binding factor 2 
B 6.24 6.84 17.52  2.09 
Glyma09g33451 AGL21 AGAMOUS-like 21 D 0.26 0.02 0.41  9.71 
Glyma08g42300 AGL1,SHP1 K-box region and MADS-box 
transcription factor family protein 
D 10.28 4.65 7.9 -2.22  
Glyma18g12590 AGL1,SHP1 K-box region and MADS-box 
transcription factor family protein 
D 4.36 1.72 3.52 -2.54  
Glyma02g45730 AGL5,SHP2 K-box region and MADS-box 
transcription factor family protein 
D 5.14 2.05 3.75 -2.7  
Glyma06g48270^ AGL11,STK K-box region and MADS-box 
transcription factor family protein 
D 8.19 2.43 4.94 -3.23  
Glyma16g04840 
(cGmFT3a) 
FT PEBP (phosphatidylethanolamine-
binding protein) family protein 
I 1.96 1.97 0.65  -3.48 
Glyma19g36220 NF-YB8 nuclear factor Y, subunit B8 I 4.28 7.77 6.5 1.91  
Glyma07g08831 AGL20,ATSOC1,S
OC1 
AGAMOUS-like 20 I 4.59 2.25 4.03 -2.01  
Glyma16g00890 ELF4-L4 ELF4-like 4 L 6.49 11.95 7.84 1.91 -1.88 
Glyma03g38620 FHY2,FRE1,HY8,P
HYA 
phytochrome A L 0.78 1.08 0.68  -2.05 
Glyma15g23400 PHYE phytochrome E L 1.25 2.22 2.64 1.85  
Glyma12g07800^ RAP2.7,TOE1 related to AP2.7 L 17.51 9.18 9.5 -1.83  
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 Table  1.6  Cont’d. 
 
 
Glyma ID TAIR10 best Hit TAIR10 gene description Pathway RPKM 
T1 
RPKM 
T3 
RPKM 
T5 
Fold 
Change 
dT1 
Fold 
Change 
dT2 
Glyma13g29510 AG K-box region and MADS-box 
transcription factor family protein 
M 7.67 3.56 5.56 -2.07  
Glyma19g04333 AGL8,FUL AGAMOUS-like 8 M 9.58 4.84 6.16 -1.92  
Glyma11g36890 AGL9,SEP3 K-box region and MADS-box 
transcription factor family protein 
M 4.98 1.95 3.11 -2.38  
Glyma18g00801 AGL9,SEP3 K-box region and MADS-box 
transcription factor family protein 
M 4.42 2.14 3.96 -1.85  
Glyma07g21160 REM39,VRN1 AP2/B3-like transcriptional factor 
family protein 
V 3.76 6.3 7.18 1.72  
Glyma11g13220 REM39,VRN1 AP2/B3-like transcriptional factor 
family protein 
V 7.63 3.03 5.19 -2.55  
 
^ confirmed by Reciprocal Blast  
c Kong et al. 2010  
Pathways:   B: ABA response  D: Development (Flower, fruit or seed)  I: Integrators M: Meristem Identity  
L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms)  V: Vernalization O: Others 
dT1: A change in expression from morning (T1) to afternoon time point (T3) 
dT2: A change in expression from afternoon (T3) to evening time point (T5)  
Note: Fold change is shown only for the significant genes (FDR < 0.05) 
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Table 1.7: Candidate flowering genes under the influence of E1 in long day treatment 
Glyma ID TAIR10 best 
hit 
Best hit description PWay  T1G1 
(e1) 
T1G3 
(E1) 
FC T3G1  
(e1) 
T3G3  
(E1) 
FC T5G1  
(e1) 
T5G3 
(E1) 
FC 
aGlyma08g04570 
(GmCOL6b) 
AT1G25440 B-box type zinc finger protein with 
CCT domain 
I 16.5 20.9  10.1 18.3 2 25.2 25.3  
aGlyma13g33420 
(GmCOL5b) 
AT1G25440 B-box type zinc finger protein with 
CCT domain 
I 9.1 19.8 2.5 2.1 3.6  26.5 24  
aGlyma20g24940 
(GmCOL7b) 
AT1G25440 B-box type zinc finger protein with 
CCT domain 
I 4.4 12.1 3.2 24.2 30.1  44.3 55.8  
cGlyma08g47810 
(GmFT4) 
AT1G65480 FT PEBP (phosphatidylethanolamine-
binding protein) family protein 
I 2.6 4  2.1 6.9 3.3 4 5.7  
cGlyma16g04830 
(GmFT5a) 
AT1G65480 FT PEBP (phosphatidylethanolamine-
binding protein) family protein 
I 0.9 0.5  0.8 0.1 -4.9 0.8 0.2  
aGlyma09g26550 
(GmBFT2) 
AT2G27550 ATC centroradialis I 0.9 0.9  2.8 5.7 2.3 2.2 2.5  
cGlyma18g53680 
(GmFT1a) 
AT4G20370 TSF PEBP 
(phosphatidylethanolamine-binding 
protein) family protein 
I 0.9 0.7  0.8 2.7 3.6 1.5 3.5  
cGlyma18g53690 
(GmFT1b) 
AT4G20370 TSF PEBP 
(phosphatidylethanolamine-binding 
protein) family protein 
I 0.6 0 -
51.7 
0 0.1  0.3 0  
bGlyma16g32080 
(GmBFT2) 
AT5G03840 TFL-1,TFL1 PEBP 
(phosphatidylethanolamine-binding 
protein) family protein 
I 0.1 0  0.2 1.9 8.9 0.1 0.1  
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related to AP2.7 L 7.4 4.3  13.2 3.4 -3.6 9.3 3 -3.1 
Glyma20g29250 AT1G24260 AGL9,SEP3 K-box region and 
MADS-box transcription factor family 
protein 
M 0.7 0.1 -5.4 0.1 0.1  0.2 0.1  
Glyma17g01370 AT1G62360 BUM,BUM1,SHL,STM,WAM,WAM
1 KNOX/ELK homeobox 
transcription factor 
M 1 0.3 -2.7 2 1.3  1.7 1.6  
Glyma05g07380 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 1.4 0.6  1.2 1.2  2.3 0.7 -3.3 
Glyma17g08890 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 1.1 1.1  1.4 0.7  3.1 0.7 -4.2 
a. Locally named  b. Published by Jian et al. 2008  c. Published by Kong et al. 2010                              
Pathways: I: Integrators M: Meristem Identity L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms)  
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.8: Candidate flowering genes under the influence of E1 in shift treatment 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G1 
(e1) 
T1G3 
(E1) 
FC T3G1  
(e1) 
T3G3  
(E1) 
FC T5G1  
(e1) 
T5G3 
(E1) 
FC 
Glyma10g38580 AT1G24260 AGL9,SEP3 K-box region 
and MADS-box 
transcription factor family 
protein 
I 2.4 1.6  4.6 12 3.1 1.6 1.8  
Glyma19g04333 AT5G60910 AGL8,FUL AGAMOUS-
like 8 
I 0.5 0  0.4 2 7.2 0.3 0.1  
^Glyma04g31847 AT5G60910 AGL8,FUL AGAMOUS-
like 8 
I 0.6 0.1 -5.7 0.4 0.6  0.6 0.2  
Glyma05g07380 AT5G60910 AGL8,FUL AGAMOUS-
like 8 
I 6 1.7 -3.6 4.4 4.3  4.4 2.7  
Glyma17g08890 AT5G60910 AGL8,FUL AGAMOUS-
like 8 
I 8.2 3.3 -2.7 5.5 3.6  8.9 4  
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related to 
AP2.7 
L 7.1 2.5 -2.6 11.7 3.7 -3.2 9.1 7.3  
 
^Confirmed by reciprocal blast  
Pathways: I: Integrators L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms)  
 
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.9: Candidate flowering genes under the influence of E1 in short day treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G1 
(e1) 
T1G3 
(E1) 
FC T3G1  
(e1) 
T3G3  
(E1) 
FC T5G1  
(e1) 
T5G3 
(E1) 
FC 
^Glyma04g02980 AT3G54340 AP3,ATAP3 K-box region and 
MADS-box transcription factor 
family protein 
M 1.2 1.3  1.4 1.3  1.4 3.1 2.2 
Glyma06g02990 AT3G54340 AP3,ATAP3 K-box region and 
MADS-box transcription factor 
family protein 
M 2.9 2.1  1.5 1.9  1.6 3.8 2.3 
Glyma04g42420 AT5G20240 PI K-box region and MADS-box 
transcription factor family protein 
M 2.4 2.3  1.3 1.6  1.2 3.5 3.3 
Glyma06g12380 AT5G20240 PI K-box region and MADS-box 
transcription factor family protein 
M 0.6 0.7  0.5 0.6  0.5 1.4 2.7 
Glyma13g09660 AT5G20240 PI K-box region and MADS-box 
transcription factor family protein 
M 3 4.2  2 2.1  2.9 6.5 2.1 
^Glyma14g24590 AT5G20240 PI K-box region and MADS-box 
transcription factor family protein 
M 1.5 2.2  1.4 1.4  1.1 4.7 4.2 
Glyma02g45730 AT2G42830 AGL5,SHP2 K-box region and 
MADS-box transcription factor 
family protein 
D 0.2 0.1  0.5 0  1 0.2 -4.8 
Glyma18g12590 AT3G58780 AGL1,SHP1 K-box region and 
MADS-box transcription factor 
family protein 
D 0.1 0.2  0.3 0.1  0.8 0.2 -3.7 
Glyma03g31111 AT4G02780 ABC33,ATCPS1,CPS,CPS1,GA1 
Terpenoid cyclases/Protein 
prenyltransferases superfamily 
protein 
O 1.8 1.6  1.7 1.3  5.7 2.1 -3 
Glyma03g31080 AT4G02780 ABC33,ATCPS1,CPS,CPS1,GA1 
Terpenoid cyclases/Protein 
prenyltransferases superfamily 
protein 
O 0 0.2  0.7 0 -43 0.4 0.2  
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related to AP2.7 L 5 2.5  5.4 1.9 -2.7 10.4 3.3 -3 
^Confirmed by reciprocal blast                                                                                                                                                          
Pathways: D: Development (Flower, fruit or seed) M: Meristem Identity  L: Light signaling (Phytochrome, cryptochromes, 
photoperiod, circadian rhythms) O: Others                                                                                                                                                  
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.10: Candidate flowering genes under the influence of E2 in long day treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G4 
(e2) 
T1G3 
(E2) 
FC T3G1 
(e2) 
T3G3 
(E2) 
FC T5G1 
(e2) 
T5G3 
(E2) 
FC 
Glyma17g02860 AT5G24860 ATFPF1,FPF1 flowering 
promoting factor 1 
G 0.1 0  0.2 0.3  0.7 0.1 -9.1 
aGlyma09g26550 
(GmBFT2) 
AT2G27550 ATC centroradialis I 1.5 0.9  5.9 5.7  5.6 2.5 -2.1 
Glyma20g32730 AT1G25560 EDF1,TEM1 AP2/B3 
transcription factor family protein 
L 3.9 6.1  1.7 1.8  2.1 5.3 2.5 
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related to AP2.7 L 5.2 4.3  10.4 3.4 -2.9 7.7 3 -2.6 
Glyma03g31080 AT4G02780 ABC33,ATCPS1,CPS,CPS1,GA1 
Terpenoid cyclases/Protein 
prenyltransferases superfamily 
protein 
O 0.1 0.3  0.3 0.3  1.9 0.6 -2.3 
 
a. Locally named             
Pathways: G: Gibberellins I: Integrators  L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms) O: 
Others                                                                                                                                                   
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.11: Candidate flowering genes under the influence of E2 in shift treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G4 
(e2) 
T1G3 
(E2) 
FC T3G1 
(e2) 
T3G3 
(E2) 
FC T5G1 
(e2) 
T5G3 
(E2) 
FC 
^cGlyma16g26660 
(GmFT2a) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 1.6 2.1  1.9 6.7 4.3 2.4 2  
cGlyma16g26690 
(GmFT2b) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 0 0.1  0 0.6 54.8 0.1 0.1  
cGlyma16g04830 
(GmFT5a) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 5.2 9.8  4.3 14.5 4.1 4.4 3.9  
Glyma19g28400 
c(GmFT5b) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 0.5 1.6  0.6 2.4 5.2 0.6 0.6  
aGlyma10g08340 
(GmTFL1c) 
AT2G27550 ATC centroradialis I 1.8 0.2 -12.5 0.2 0.2  0.2 0.2  
Glyma16g32540 AT2G45650 AGL6 AGAMOUS-like 6 I 0.7 0.9  1.1 2.5 2.8 1.2 1.9  
^dGlyma10g36600 
(GmGIa) 
AT1G22770 FB,GI gigantea protein (GI) L 1.7 0.9  51.1 114 2.4 1.4 2  
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related to 
AP2.7 
L 9.3 2.5 -3.7 15.4 3.7 -4.1 8.9 7.3  
^Glyma16g03030 AT2G46340 SPA1 SPA (suppressor of 
phyA-105) protein family 
L 2.5 1.1 -2.1 34.9 40.6  5.2 5.6  
Glyma11g15580 AT5G02810 APRR7,PRR7 pseudo-
response regulator 7 
L 4.4 1.9 -2.4 46.6 52.2  2.2 2.8  
Glyma10g38580 AT1G24260 AGL9,SEP3 K-box region and 
MADS-box transcription factor 
family protein 
M 1.6 1.6  4 12 3.5 2.5 1.8  
Glyma20g29250 AT1G24260 AGL9,SEP3 K-box region and 
MADS-box transcription factor 
family protein 
M 0.3 0.3  1.2 3.7 3.7 0.3 0.2  
^Glyma04g31847 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 0.2 0.1  0.1 0.6 15.4 0.5 0.2  
Glyma05g07380 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 2.8 1.7  1.5 4.3 3.2 2.4 2.7  
Glyma06g22650 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 1.6 1  1.1 2.6 2.9 1.9 2  
Glyma08g27680 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 1 0.8  0.3 1.2 4.5 0.4 0.5  
Glyma13g06811 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 1.2 0.6  0.4 2.2 6.5 1.9 1.6  
Glyma17g08890 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 4.8 3.3  1.2 3.6 3.4 5.3 4  
Glyma19g04333 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 0.2 0  0.3 2 7.4 0.2 0.1  
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Table  1.11  Cont’d. 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G4 
(e2) 
T1G3 
(E2) 
FC T3G1 
(e2) 
T3G3 
(E2) 
FC T5G1 
(e2) 
T5G3 
(E2) 
FC 
Glyma03g30460 AT3G63010 ATGID1B,GID1B alpha/beta-
Hydrolases superfamily protein 
O 23 16.2  12.2 22.7 2 32.9 29.9  
Glyma19g33381 AT3G63010 ATGID1B,GID1B alpha/beta-
Hydrolases superfamily protein 
O 15.1 12.7  8.7 16.8 2.1 19.3 16.6  
  
a. Locally named  c. Published by Kong et al. 2010  d. Published by Watanabe et al. 2011 
^Confirmed by reciprocal blast  
Pathways: I: Integrators M: Meristem Identity  L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms) O: 
Others                                                                                                                                                   
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.12: Candidate flowering genes under the influence of E2 in short day treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G4 
(e2) 
T1G3 
(E2) 
FC T3G1 
(e2) 
T3G3 
(E2) 
FC T5G1 
(e2) 
T5G3 
(E2) 
FC 
cGlyma16g32080 
(GmBFT) 
AT5G03840 TFL-1,TFL1 PEBP 
(phosphatidylethanolamine-
binding protein) family 
protein 
I 0.1 0.1  0.4 0.8  1.5 0.4 -2.7 
^dGlyma10g36600 
(GmGIa) 
AT1G22770 FB,GI gigantea protein (GI) L 0.8 0.8  46.2 94.3  1 2.3 2.2 
Glyma20g32730 AT1G25560 EDF1,TEM1 AP2/B3 
transcription factor family 
protein 
L 3.2 3.4  1.4 2.1  3.9 2 -2 
Glyma13g30331 AT1G29160 Dof-type zinc finger DNA-
binding family protein 
L 0.7 0.5  0.3 0.3  3.1 1.1 -2.5 
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related to 
AP2.7 
L 7.8 2.5 -3.1 4.8 1.9 -2.5 8.1 3.3 -2.4 
Glyma15g08860 AT2G34140 Dof-type zinc finger DNA-
binding family protein 
L 0.5 0.4  0.4 0.5  1.7 0.5 -3.1 
^Glyma18g49520 AT5G39660 CDF2 cycling DOF factor 2 L 2.3 5.4 2.3 0.5 0.6  2.6 1.7  
Glyma19g02710 AT5G39660 CDF2 cycling DOF factor 2 L 1 2.8 2.5 0.9 1  1.4 1  
Glyma17g11040 AT5G61380 APRR1,AtTOC1,PRR1,TOC1 
CCT motif -containing 
response regulator protein 
L 1.1 2.6 2.3 5.9 6.5  16.1 14.3  
^Glyma05g28140 AT1G24260 AGL9,SEP3 K-box region 
and MADS-box transcription 
factor family protein 
M 1.1 1.2  1.5 1.6  0.7 1.8 2.4 
Glyma01g37470 AT3G54340 AP3,ATAP3 K-box region 
and MADS-box transcription 
factor family protein 
M 1.7 2.6  2.5 3  2.2 4.5 2.1 
^Glyma04g02980 AT3G54340 AP3,ATAP3 K-box region 
and MADS-box transcription 
factor family protein 
M 0.9 1.3  1.6 1.3  1.4 3.1 2.3 
Glyma06g02990 AT3G54340 AP3,ATAP3 K-box region 
and MADS-box transcription 
factor family protein 
M 1.4 2.1  2 1.9  1.6 3.8 2.3 
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Table  1.12  Cont’d. 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G4 
(e2) 
T1G3 
(E2) 
FC T3G1 
(e2) 
T3G3 
(E2) 
FC T5G1 
(e2) 
T5G3 
(E2) 
FC 
Glyma11g07820 AT3G54340 AP3,ATAP3 K-box region 
and MADS-box transcription 
factor family protein 
M 1.1 1.5  1.1 1  0.7 1.9 2.9 
Glyma04g42420 AT5G20240 PI K-box region and MADS-
box transcription factor family 
protein 
M 1.1 2.3  1.6 1.6  1.3 3.5 2.7 
Glyma06g12380 AT5G20240 PI K-box region and MADS-
box transcription factor family 
protein 
M 0.6 0.7  0.7 0.6  0.6 1.4 2.7 
^Glyma14g24590 AT5G20240 PI K-box region and MADS-
box transcription factor family 
protein 
M 1.3 2.2  2.1 1.4  1.5 4.7 3.2 
^Glyma13g06730 AT3G02310 AGL4,SEP2 K-box region 
and MADS-box transcription 
factor family protein 
O 1.9 2.2  1.7 1.8  1.5 3.9 2.6 
 
c. Published by Kong et al. 2010  d. Published by Watanabe et al. 2011 
^Confirmed by reciprocal blast  
Pathways: I: Integrators M: Meristem Identity  L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms) O: 
Others                                                                                                                                                   
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.13: Candidate flowering genes under the influence of E3 in long day treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G5 
(e3) 
T1G3 
(E3) 
FC T3G5 
(e3) 
T3G3 
(E3) 
FC T5G5 
(e3) 
T5G3 
(E3) 
FC 
Glyma09g05090 AT5G24860 ATFPF1,FPF1 flowering 
promoting factor 1 
G 0.6 2 3.2 1.3 1.3  1.9 1  
cGlyma08g47810 
(GmFT4) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 2.1 4  1.4 6.9 4.5 2.9 5.7  
^cGlyma16g26660 
(GmFT2a) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 0.3 0.1  0.9 0 -18 0.3 0.1  
cGlyma16g04830 
(GmFT5a) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 0.8 0.5  1.8 0.1 -10 1.8 0.2 -8.1 
Glyma09g26550 AT2G27550 ATC centroradialis I 1 0.9  2.5 5.7 2.5 2.9 2.5  
cGlyma10g08340 
(GmTFL1c) 
AT2G27550 ATC centroradialis I 0.3 0.2  0.8 0.1 -5.4 0.2 0.2  
Glyma08g14931 AT4G14540 NF-YB3 nuclear factor Y, 
subunit B3 
I 1.5 1.5  2.4 0.8 -2.6 0.5 0.4  
cGlyma18g53680 
(GmFT1a) 
AT4G20370 TSF PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 0.4 0.7  0.6 2.7 4.4 0.7 3.5 4.9 
cGlyma16g32080 
(GmBFT) 
AT5G03840 TFL-1,TFL1 PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 0.2 0  0.5 1.9 4.2 0.3 0.1  
fGlyma19g45030 
(GmLHY-Like) 
AT1G01060 LHY,LHY1 Homeodomain-like 
superfamily protein 
L 96.3 99.8  1.5 2  47.4 24.9 -1.9 
gGlyma19g41210 
(GmPhyA3) 
AT1G09570 FHY2,FRE1,HY8,PHYA 
phytochrome A 
L 1.4 2.3  2.6 5.1 1.9 4.7 6.9  
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related to AP2.7 L 7.2 4.3  9.9 3.4 -2.7 6.8 3 -2.2 
Glyma11g15580 AT5G02810 APRR7,PRR7 pseudo-response 
regulator 7 
L 27.8 29.2  28.5 41.8  0.8 1.9 3 
Glyma12g07861 AT5G02810 APRR7,PRR7 pseudo-response 
regulator 7 
L 29.2 29.5  28 35.7  0.4 1.5 3.2 
Glyma20g29250 AT1G24260 AGL9,SEP3 K-box region and 
MADS-box transcription factor 
family protein 
M 0.4 0.1  0.1 0.1  0.8 0.1 -5.1 
Glyma06g22650 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 0.3 0.3  1.3 0.6  1 0.3 -3.5 
Glyma18g50910 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 1.3 0.9  0.7 0.1 -5.5 1.3 1.3  
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Table  1.13  Cont’d. 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G5 
(e3) 
T1G3 
(E3) 
FC T3G5 
(e3) 
T3G3 
(E3) 
FC T5G5 
(e3) 
T5G3 
(E3) 
FC 
Glyma17g08890 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 0.9 1.1  2 0.7 -2.6 2 0.7 -2.7 
Glyma04g24640 AT2G33720 AP2/B3-like transcriptional factor 
family protein 
O 0.5 0.7  0.2 0.9 4.8 0 0.3  
Glyma03g31080 AT4G02780 ABC33,ATCPS1,CPS,CPS1,GA1 
Terpenoid cyclases/Protein 
prenyltransferases superfamily 
protein 
O 0.2 0.3  1.3 0.3 -4.4 2.1 0.6 -3.1 
 
c. Published by Kong et al. 2010  f. Published by Hudson et al. 2010  g. Published by Watanabe et al. 2009 
^Confirmed by reciprocal blast  
Pathways: G: Gibberellins I: Integrators M: Meristem Identity  L: Light signaling (Phytochrome, cryptochromes, photoperiod, 
circadian rhythms) O: Others                                                                                                                                                   
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.14: Candidate flowering genes under the influence of E3 in shift treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G5 
(e3) 
T1G3 
(E3) 
FC T3G5 
(e3) 
T3G3 
(E3) 
FC T5G5 
(e3) 
T5G3 
(E3) 
FC 
Glyma05g07286 AT2G03710 AGL3,SEP4 K-box region and 
MADS-box transcription factor 
family protein 
D 0.3 0.1  0 0.3 42.6 0.1 0.1  
Glyma04g07900 AT5G24860 ATFPF1,FPF1 flowering 
promoting factor 1 
G 0.3 0.6  1.6 0.4 -4.5 0.2 0.2  
Glyma09g05090 AT5G24860 ATFPF1,FPF1 flowering 
promoting factor 1 
G 2.3 2.9  2.5 0.8 -3.2 0.4 1.3  
Glyma15g15730 AT5G24860 ATFPF1,FPF1 flowering 
promoting factor 1 
G 2.9 3.3  2.5 0.9 -2.9 0.5 0.5  
aGlyma10g42090 
(GmCOL7a) 
AT1G25440 B-box type zinc finger protein 
with CCT domain 
I 3.2 2.9  8.7 3.9 -2.3 59.2 63.6  
aGlyma20g24940 
(GmCOL7b) 
AT1G25440 B-box type zinc finger protein 
with CCT domain 
I 10.2 11.2  12.5 4.2 -3 47.7 52.9  
^cGlyma16g26660 
(GmFT2a) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine-
binding protein) family protein 
I 6.6 2.1 -3.8 4.7 6.7  2.2 2  
Glyma16g32540 AT2G45650 AGL6 AGAMOUS-like 6 I 1.2 0.9  0.7 2.5 4.2 1.6 1.9  
aGlyma18g51320 
(GmCOL1b) 
AT3G02380 ATCOL2,COL2 CONSTANS-
like 2 
I 560.1 596.7  45.4 24.5 -2 18.9 26.7  
eGlyma03g42260 
(GmLCL2) 
AT1G01060 LHY,LHY1 Homeodomain-like 
superfamily protein 
L 493.4 540.5  35.3 16.9 -2.3 3.3 1.9  
Glyma19g41261 AT1G09530 PAP3,PIF3,POC1 phytochrome 
interacting factor 3 
L 2.2 2  4.9 2.2 -2.3 1.6 1.6  
Glyma10g34760 AT1G25560 EDF1,TEM1 AP2/B3 
transcription factor family protein 
L 25.9 23.3  9 4.1 -2.2 6 7.3  
Glyma20g32730 AT1G25560 EDF1,TEM1 AP2/B3 
transcription factor family protein 
L 4.3 3.2  1.8 0.4 -3.9 1.7 2.1  
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related to AP2.7 L 9.4 2.5 -3.5 12.7 3.7 -3.8 10 7.3  
Glyma04g01400 AT4G34530 CIB1 cryptochrome-interacting 
basic-helix-loop-helix 1 
L 35.2 43.9  17.4 9 -2 18.5 15.1  
Glyma10g38580 AT1G24260 AGL9,SEP3 K-box region and 
MADS-box transcription factor 
family protein 
M 2.2 1.6  2.1 12 6.4 2.6 1.8  
Glyma20g29250 AT1G24260 AGL9,SEP3 K-box region and 
MADS-box transcription factor 
family protein 
M 0.4 0.3  0.4 3.7 11 0.1 0.2  
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Table  1.14  Cont’d. 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G5 
(e3) 
T1G3 
(E3) 
FC T3G5 
(e3) 
T3G3 
(E3) 
FC T5G5 
(e3) 
T5G3 
(E3) 
FC 
Glyma19g04326 AT1G26310 K-box region and MADS-box 
transcription factor family protein 
M 0.7 0.1  0.3 1.7 5.1 0.4 0  
Glyma13g06811 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 1.2 0.6  0.8 2.2 3 1.8 1.6  
^Glyma04g31847 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 0.6 0.1 -6.2 0.3 0.6  0.3 0.2  
Glyma05g07380 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 4.5 1.7 -2.9 3.7 4.3  3.2 2.7  
Glyma17g08890 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 10.7 3.3 -3.8 4.9 3.6  5.7 4  
Glyma19g04333 AT5G60910 AGL8,FUL AGAMOUS-like 8 M 1 0 -82.7 0.2 2 13.1 0.2 0.1  
Glyma03g31080 AT4G02780 ABC33,ATCPS1,CPS,CPS1,GA1 
Terpenoid cyclases/Protein 
prenyltransferases superfamily 
protein 
O 0 0.1  0.3 0 -7.9 0.3 0.3  
Glyma06g10020 AT2G22540 AGL22,SVP K-box region and 
MADS-box transcription factor 
family protein 
V 10.9 11.7  7.8 4 -2 8.4 10.2  
 
a. Locally named  c. Published by Kong et al. 2010  e. Published by Liu et al. 2009 
^Confirmed by reciprocal blast  
Pathways: D: Development (Flower, fruit or seed)  G: Gibberellins I: Integrators M: Meristem Identity  
L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms)  V: Vernalization O: Others 
 
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.15: Candidate flowering genes under the influence of E3 in short day treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G5 
(e3) 
T1G3 
(E3) 
FC T3G5 
(e3) 
T3G3 
(E3) 
FC T5G5 
(e3) 
T5G3 
(E3) 
FC 
Glyma19g36200 AT2G28550 RAP2.7,TOE1 related 
to AP2.7 
L 8.2 2.5 -3.2 6.6 1.9 -3.5 11.5 3.3 -3.5 
Glyma13g09660 AT5G20240 PI K-box region and 
MADS-box 
transcription factor 
family protein 
M 1.8 4.2  2.1 2.1     
 
 
Pathways:  L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms) M: Meristem Identity  
 
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.16: Candidate flowering genes under the influence of E5 in long day treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G1 
(e1) 
T1G6 
(E1) 
FC T3G1 
(e1) 
T3G6 
(E1) 
FC T5G1 
(e1) 
T5G6 
(E1) 
FC 
Glyma05g03020 AT1G66350 RGL,RGL1 RGA-like 1 G 0.4 0.4  0.3 0.5  0.1 0.6 11.1 
cGlyma16g32080 
(GmBFT) 
AT5G03840 TFL-1,TFL1 PEBP 
(phosphatidylethanolamine-
binding protein) family 
protein 
I 0.1 0.3  0.2 1.2 4.9 0.1 0.2  
 
c. Published by Kong et al. 2010 
^Confirmed by reciprocal blast  
Pathways: G: Gibberellins I: Integrators  
 
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.17: Candidate flowering genes under the influence of E5 in shift treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G1 
(e5) 
T1G6 
(E5) 
FC T3G1 
(e5) 
T3G6 
(E5) 
FC T5G1 
(e5) 
T5G6 
(E5) 
FC 
Glyma03g30460 AT3G63010 ATGID1B,GID1B 
alpha/beta-Hydrolases 
superfamily protein 
G 14.9 21.6  22.2 25.2  32 64.2 2 
Glyma07g37770 AT5G24860 ATFPF1,FPF1 flowering 
promoting factor 1 
G 0.1 0.1  0.2 0.2  0.1 1.3 11.4 
cGlyma16g26690 
(GmFT2b) 
AT1G65480 FT PEBP 
(phosphatidylethanolamine
-binding protein) family 
protein 
I 0.1 0.5  0.1 1.4 21 0 0  
bGlyma16g32080 
(GmBFT) 
AT5G03840 TFL-1,TFL1 PEBP 
(phosphatidylethanolamine
-binding protein) family 
protein 
I 0 0.1  0.4 0.2  0 0.9 18.7 
Glyma13g30331 AT1G29160 Dof-type zinc finger DNA-
binding family protein 
L 0.6 0.5  0.4 0.5  2.4 5.6 2.3 
Glyma10g38580 AT1G24260 AGL9,SEP3 K-box region 
and MADS-box 
transcription factor family 
protein 
M 2.4 1.9  4.6 10.3 2.3 1.6 2.4  
Glyma19g04333 AT5G60910 AGL8,FUL AGAMOUS-
like 8 
M 0.5 0.8  0.4 1.4 4.6 0.3 0  
 
b. Published by Jian et al. 2008  c. Published by Kong et al. 2010                               
^Confirmed by reciprocal blast  
Pathways:   G: Gibberellins I: Integrators L: Light signaling (Phytochrome, cryptochromes, photoperiod, circadian rhythms)  
M: Meristem Identity  
 
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
 117 
Table 1.18: Candidate flowering genes under the influence of E5 in short day treatment 
 
Glyma ID TAIR10 
best hit 
Best hit description PWay T1G1 
(e5) 
T1G6 
(E5) 
FC T3G1 
(e5) 
T3G6 
(E5) 
FC T5G1 
(e5) 
T5G6 
(E5) 
FC 
Glyma18g12590 AT3G58780 AGL1,SHP1 K-box 
region and MADS-box 
transcription factor 
family protein 
D 0.1 0.9 7.5 0.3 0.4  0.8 0.8  
^Glyma06g48270 AT4G09960 AGL11,STK K-box 
region and MADS-box 
transcription factor 
family protein 
D 0.4 1.5  0.4 1.3 3.6 0.5 2.1 3.6 
^Glyma14g03100 AT2G42830 AGL5,SHP2 K-box 
region and MADS-box 
transcription factor 
family protein 
D 0.4 1.9 4.9 1 1.4  1.3 2.1  
Glyma03g31080 AT4G02780 ABC33,ATCPS1,CPS,C
PS1,GA1 Terpenoid 
cyclases/Protein 
prenyltransferases 
superfamily protein 
G 0 0.1  0.7 0 -228.6 0.4 0.8  
Glyma11g15580 AT5G02810 APRR7,PRR7 pseudo-
response regulator 7 
L 1.5 1.3  53.4 53.5  1.4 3.2 2.4 
Glyma20g32730 AT1G25560 EDF1,TEM1 AP2/B3 
transcription factor 
family protein 
L 3.9 2.3  3.3 1.4 -2.7 1.3 2.5  
 
^Confirmed by reciprocal blast  
Note: Fold change is shown only for the significant genes (FDR < 0.1), FC= Fold Change, PWay = Pathway 
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Table 1.19: List of reciprocally confirmed blast hits between soybean and Arabidopsis flowering genes 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma02g14880 AT1G49720 ABF1 abscisic acid responsive element-binding factor 1 
Glyma04g04170 AT1G45249 ABF2  abscisic acid responsive elements-binding factor 2 
Glyma19g37910 AT2G36270 ABI5 Basic-leucine zipper (bZIP) transcription factor family protein 
Glyma15g09500 AT4G18960 AG K-box region and MADS-box transcription factor family protein  
Glyma11g16105 AT5G13790 AGL15 AGAMOUS-like 15 
Glyma02g33040 AT3G57390 AGL18 AGAMOUS-like 18 
Glyma07g08890 AT2G45650 AGL6 AGAMOUS-like 6 
Glyma16g13070 AT1G69120 AP1 K-box region and MADS-box transcription factor family protein  
Glyma01g39520 AT4G36920 AP2 Integrase-type DNA-binding superfamily protein 
Glyma20g39140 AT1G50680 AP2B3 AP2/B3 transcription factor family protein 
Glyma04g02980 AT3G54340 AP3 K-box region and MADS-box transcription factor family protein  
Glyma03g00580 AT3G56850 AREB3 ABA-responsive element binding protein 3 
Glyma04g07540 AT3G33520 ARP6 actin-related protein 6 
Glyma13g25716 AT5G06100 ATMYB33 myb domain protein 33 
Glyma10g36820 AT5G44080 BzipTF Basic-leucine zipper (bZIP) transcription factor family protein 
Glyma18g49520 AT5G39660 CDF2 cycling DOF factor 2 
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Table 1.19 Cont’d. 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma05g00970 AT3G47500 CDF3 cycling DOF factor 3 
Glyma06g01430 AT4G34530 CIB1  cryptochrome-interacting basic-helix-loop-helix 1 
Glyma17g17790 AT5G67380 CKA1 casein kinase alpha 1 
Glyma11g05760 AT2G23380 CLF SET domain-containing protein 
Glyma08g28370 AT3G02380 COL2 CONSTANS-like 2 
Glyma13g01290 AT5G57660 COL5 CONSTANS-like 5 
Glyma13g11592 AT3G07650 COL9 CONSTANS-like 9 
Glyma14g05430 AT2G32950 COP1 Transducin/WD40 repeat-like superfamily protein 
Glyma06g10830 AT4G08920 CRY1 cryptochrome 1 
Glyma20g35220 AT1G04400 CRY2 cryptochrome 2 
Glyma05g29090 AT1G29160 DOF Dof-type zinc finger DNA-binding family protein 
Glyma13g39340 AT3G44460 DPBF2 Basic-leucine zipper (bZIP) transcription factor family protein 
Glyma13g34740 AT4G22140 EBS PHD finger family protein / bromo-adjacent homology (BAH) 
domain-containing protein 
Glyma06g12391 AT1G77300 EFS histone methyltransferases(H3-K4 specific);histone 
methyltransferases(H3-K36 specific) 
Glyma04g05280 AT2G25930 ELF3 hydroxyproline-rich glycoprotein family protein 
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Table 1.19 Cont’d. 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma11g35270 AT2G40080 ELF4 Protein of unknown function (DUF1313) 
Glyma14g37280 AT2G29950 ELF4L1  ELF4-like 1 
Glyma17g05860 AT1G17455 ELF4L4 ELF4-like 4 
Glyma05g01510 AT5G62640 ELF5 proline-rich family protein 
Glyma10g35350 AT5G04240 ELF6 Zinc finger (C2H2 type) family protein / transcription factor 
jumonji (jmj) family protein 
Glyma10g31450 AT5G16260 ELF9 RNA binding (RRM/RBD/RNP motifs) family protein 
Glyma09g04970 AT4G15880 ESD4 Cysteine proteinases superfamily protein 
Glyma17g03960 AT4G16280 FCA RNA binding;abscisic acid binding 
Glyma13g31033 AT2G33835 FES1 Zinc finger C-x8-C-x5-C-x3-H type family protein 
Glyma10g02690 AT3G20740 FIE Transducin/WD40 repeat-like superfamily protein 
Glyma05g34530 AT1G68050 FKF1 flavin-binding, kelch repeat, f box 1 
Glyma02g18610 AT3G10390 FLD Flavin containing amine oxidoreductase family protein 
Glyma19g43540 AT3G04610 FLK RNA-binding KH domain-containing protein 
Glyma11g13490 AT2G43410 FPA RNA binding 
Glyma17g29720 AT5G24860 FPF1 flowering promoting factor 1 
Glyma06g17005 AT4G00650 FRI FRIGIDA-like protein 
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Table 1.19 Cont’d. 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma12g01835 AT5G27220 FRIL Frigida-like protein 
Glyma18g09060 AT5G16320 FRL1 FRIGIDA like 1 
Glyma16g26660 AT1G65480 FT PEBP (phosphatidylethanolamine-binding protein) family protein 
Glyma04g31847 AT5G60910 FUL AGAMOUS-like 8 
Glyma09g07120 AT2G19520 FVE Transducin family protein / WD-40 repeat family protein 
Glyma15g37830 AT5G13480 FY Transducin/WD40 repeat-like superfamily protein 
Glyma03g31111 AT4G02780 GA1 Terpenoid cyclases/Protein prenyltransferases superfamily protein 
Glyma05g27190 AT1G14920 GAI GRAS family transcription factor family protein 
Glyma20g37430 AT5G27320 GAr1 alpha/beta-Hydrolases superfamily protein 
Glyma02g17010 AT3G63010 GAr3 alpha/beta-Hydrolases superfamily protein 
Glyma10g36600 AT1G22770 GI gigantea protein (GI) 
Glyma20g03120 AT1G26480 GRF12 general regulatory factor 12 
Glyma06g10650 AT1G78300 GRF2 general regulatory factor 2 
Glyma04g10820 AT1G35160 GRF4 GF14 protein phi chain 
Glyma04g09820 AT5G10450 GRF6 G-box regulating factor 6 
Glyma18g53610 AT3G02520 GRF7 general regulatory factor 7 
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Table 1.19 Cont’d. 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma01g41590 AT2G39810 HOS1 ubiquitin-protein ligases 
Glyma02g01760 AT2G25920  Kh domain homolog 
Glyma09g31770 AT1G62830 LDL1 LSD1-like 1 
Glyma06g38600 AT3G13682 LDL2 LSD1-like2 
Glyma06g17170 AT5G61850 LFY floral meristem identity control protein LEAFY (LFY) 
Glyma07g05410 AT1G01060 LHY Homeodomain-like superfamily protein 
Glyma12g06406 AT3G46640 LUX Homeodomain-like superfamily protein 
Glyma05g28130 AT5G65060 MAF3 K-box region and MADS-box transcription factor family protein  
Glyma05g34030 AT1G18100 MFT PEBP (phosphatidylethanolamine-binding protein) family protein 
Glyma08g09090 AT5G58230 MSI1 Transducin/WD40 repeat-like superfamily protein 
Glyma12g03700 AT2G16780 MSI2 Transducin family protein / WD-40 repeat family protein 
Glyma08g44140 AT4G14540 NFYB3 nuclear factor Y, subunit B3 
Glyma05g32680 AT2G13570 NFYB7 nuclear factor Y, subunit B7 
Glyma03g33490 AT2G37060 NFYB8 nuclear factor Y, subunit B8 
Glyma06g17780 AT3G48590 NFYC1  nuclear factor Y, subunit C1 
Glyma08g17630 AT1G56170 NFYC2 nuclear factor Y, subunit C2 
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Table 1.19 Cont’d. 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma19g42460 AT1G08970 NFYC9 nuclear factor Y, subunit C9 
Glyma14g07960 AT5G42790 PAF1 proteasome alpha subunit F1 
Glyma17g06640 AT4G26000 PEP RNA-binding KH domain-containing protein 
Glyma02g10880 AT1G25540 PFT1 phytochrome and flowering time regulatory protein (PFT1) 
Glyma20g22160 AT1G09570 PHYA phytochrome A 
Glyma09g03990 AT2G18790 PHYB phytochrome B 
Glyma09g11600 AT4G18130 PHYE phytochrome E 
Glyma14g24590 AT5G20240 PI K-box region and MADS-box transcription factor family protein  
Glyma02g29380 AT3G12810 PIE1 SNF2 domain-containing protein / helicase domain-containing 
protein 
Glyma20g22291 AT1G09530 PIF3 phytochrome interacting factor 3 
Glyma17g17520 AT2G23070 PKSFP Protein kinase superfamily protein 
Glyma04g40640 AT5G24470 PRR2 pseudo-response regulator 5 
Glyma13g19871 AT5G02810 PRR4 pseudo-response regulator 7 
Glyma06g18300 AT3G48430 REF6  relative of early flowering 6 
Glyma18g04500 AT3G03450 RGL2 RGA-like 2 
Glyma20g36330 AT3G04240 SEC Tetratricopeptide repeat (TPR)-like superfamily protein 
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Table 1.19 Cont’d. 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma18g06460 AT5G37055 SEF HIT-type Zinc finger family protein 
Glyma13g06730 AT3G02310 SEP2 K-box region and MADS-box transcription factor family protein  
Glyma05g28140 AT1G24260 4 K-box region and MADS-box transcription factor family protein  
Glyma14g03100 AT2G42830 SHP2 K-box region and MADS-box transcription factor family protein  
Glyma06g04640 AT4G24210 SLY1 F-box family protein 
Glyma18g45780 AT2G45660 SOC1 AGAMOUS-like 20 
Glyma16g03030 AT2G46340 SPA1 SPA (suppressor of phyA-105) protein family 
Glyma08g02490 AT4G11110 SPA2 SPA1-related 2 
Glyma12g35320 AT3G15354 SPA3 SPA1-related 3 
Glyma07g31880 AT2G33810 SPL3  squamosa promoter binding protein-like 3 
Glyma02g36210 AT3G11540 SPY Tetratricopeptide repeat (TPR)-like superfamily protein 
Glyma06g48270 AT4G09960 STK K-box region and MADS-box transcription factor family protein  
Glyma15g11850 AT1G62360 STM KNOX/ELK homeobox transcription factor 
Glyma05g34280 AT1G30970 SUF4 zinc finger (C2H2 type) family protein 
Glyma01g02880 AT2G22540 SVP K-box region and MADS-box transcription factor family protein  
Glyma02g01540 AT4G02020 SWN SET domain-containing protein 
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Table 1.19 Cont’d. 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma10g43190 AT5G23280 TCP TCP family transcription factor  
Glyma01g22260 AT1G25560 TEM1 AP2/B3 transcription factor family protein 
Glyma19g37890 AT5G03840 TFL1 PEBP (phosphatidylethanolamine-binding protein) family protein 
Glyma16g08860 AT5G17690 TFL2 like heterochromatin protein (LHP1) 
Glyma04g33110 AT5G61380 TOC1 CCT motif -containing response regulator protein 
Glyma12g07800 AT2G28550 TOE1 related to AP2.7 
Glyma20g00401 AT5G23260 TT16 K-box region and MADS-box transcription factor family protein  
Glyma05g26460 AT1G30950 UFO F-box family protein 
Glyma08g22400 AT3G15620 UVR3 DNA photolyase family protein 
Glyma10g23295 AT5G51230 VEF2 VEFS-Box of polycomb protein 
Glyma17g07000 AT4G30200 VIN3L vernalization5/VIN3-like 
Glyma17g05990 AT4G29830 VIP3 Transducin/WD40 repeat-like superfamily protein 
Glyma04g32540 AT5G61150 VIP4 leo1-like family protein 
Glyma20g01130 AT3G18990 VRN1 AP2/B3-like transcriptional factor family protein 
Glyma01g41460 AT4G16845 VRN2 VEFS-Box of polycomb protein 
Glyma07g09800 AT3G24440 VRN5 Fibronectin type III domain-containing protein 
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Table 1.19 Cont’d. 
 
Soy ID Arabidopsis Symbol Short Description 
Glyma01g37190 AT2G17950 WUS Homeodomain-like superfamily protein 
Glyma13g00860 AT5G57360 ZTL Galactose oxidase/kelch repeat superfamily protein 
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Table 1.20: Gene Expression Omnibus (GEO) accession numbers of the data 
 
Long day 
Genotype Time point Replicate 
Number of 
Reads  
Accession 
Number 
G1 T1 A 9,261,535 GSM1234545 
G1 T1 B 10,284,103 GSM1234546 
G1 T1 C 14,153,427 GSM1234547 
G1 T3 A 16,366,724 GSM1234548 
G1 T3 B 9,777,404 GSM1234549 
G1 T3 C 10,787,849 GSM1234550 
G1 T5 A 8,532,235 GSM1234551 
G1 T5 B 10,755,893 GSM1234552 
G1 T5 C 12,983,196 GSM1234553 
G2 T1 A 12,930,031 GSM1234554 
G2 T1 B 9,000,047 GSM1234555 
G2 T1 C 11,708,337 GSM1234556 
G2 T3 A 10,430,609 GSM1234557 
G2 T3 B 11,300,327 GSM1234558 
G2 T3 C 12,532,620 GSM1234559 
G2 T5 A 10,620,243 GSM1234560 
G2 T5 B 10,004,107 GSM1234561 
G2 T5 C 18,647,878 GSM1234562 
G3 T1 A 10,044,360 GSM1234563 
G3 T1 B 8,340,264 GSM1234564 
G3 T1 C 14,647,619 GSM1234565 
G3 T3 A 9,720,660 GSM1234566 
G3 T3 B 11,125,826 GSM1234567 
G3 T3 C 13,090,954 GSM1234568 
G3 T5 A 9,871,527 GSM1234569 
G3 T5 B 11,213,293 GSM1234570 
G3 T5 C 11,657,784 GSM1234571 
G4 T1 A 10,025,782 GSM1234572 
G4 T1 B 9,215,452 GSM1234573 
G4 T1 C 11,144,166 GSM1234574 
G4 T3 A 11,590,706 GSM1234575 
G4 T3 B 10,314,857 GSM1234576 
G4 T3 C 11,458,505 GSM1234577 
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Table 1.20 Cont’d. 
 
Long day 
Genotype Time point Replicate 
Number of 
Reads  
Accession 
Number 
G4 T5 A 20,862,913 GSM1234578 
G4 T5 B 7,660,463 GSM1234579 
G4 T5 C 12,050,054 GSM1234580 
G5 T1 A 11,774,959 GSM1234581 
G5 T1 B 13,637,399 GSM1234582 
G5 T1 C 10,676,548 GSM1234583 
G5 T3 A 9,681,215 GSM1234584 
G5 T3 B 9,371,306 GSM1234585 
G5 T3 C 16,715,606 GSM1234586 
G5 T5 A 12,253,695 GSM1234587 
G5 T5 B 16,577,244 GSM1234588 
G5 T5 C 11,041,647 GSM1234589 
G6 T1 A 12,726,024 GSM1234590 
G6 T1 B 12,957,444 GSM1234591 
G6 T1 C 9,780,640 GSM1234592 
G6 T3 A 8,318,483 GSM1234593 
G6 T3 B 11,874,515 GSM1234594 
G6 T3 C 13,259,142 GSM1234595 
G6 T5 A 8,454,777 GSM1234596 
G6 T5 B 10,289,020 GSM1234597 
G6 T5 C 11,633,014 GSM1234598 
G7 T1 A 7,480,667 GSM1234599 
G7 T1 B 9,446,440 GSM1234600 
G7 T1 C 10,461,269 GSM1234601 
G7 T3 A 9,064,567 GSM1234602 
G7 T3 B 12,687,198 GSM1234603 
G7 T3 C 9,954,602 GSM1234604 
G7 T5 A 13,985,036 GSM1234605 
G7 T5 B 14,489,086 GSM1234606 
G7 T5 C 10,101,725 GSM1234607 
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Table 1.20 Cont’d. 
 
Shift 
Genotype Time point Replicate 
Number of 
Reads  
Accession 
Number 
G1 T1 A 9,214,958 GSM1234671 
G1 T1 B 11,596,431 GSM1234672 
G1 T1 C 8,500,860 GSM1234673 
G1 T3 A 11,950,045 GSM1234674 
G1 T3 B 10,049,022 GSM1234675 
G1 T3 C 14,963,921 GSM1234676 
G1 T5 A 9,740,439 GSM1234677 
G1 T5 B 11,157,632 GSM1234678 
G1 T5 C 11,777,308 GSM1234679 
G2 T1 A 11,895,081 GSM1234680 
G2 T1 B 11,046,926 GSM1234681 
G2 T1 C 9,469,404 GSM1234682 
G2 T3 A 17,833,272 GSM1234683 
G2 T3 B 9,547,726 GSM1234684 
G2 T3 C 10,062,702 GSM1234685 
G2 T5 A 17,225,210 GSM1234686 
G2 T5 B 14,240,416 GSM1234687 
G2 T5 C 9,623,914 GSM1234688 
G3 T1 A 11,779,801 GSM1234689 
G3 T1 B 9,168,216 GSM1234690 
G3 T1 C 6,099,993 GSM1234691 
G3 T3 A 10,085,900 GSM1234692 
G3 T3 B 14,876,294 GSM1234693 
G3 T3 C 11,488,160 GSM1234694 
G3 T5 A 10,362,805 GSM1234695 
G3 T5 B 12,445,522 GSM1234696 
G3 T5 C 10,302,044 GSM1234697 
G4 T1 A 7,837,068 GSM1234698 
G4 T1 B 13,922,202 GSM1234699 
G4 T1 C 7,324,858 GSM1234700 
G4 T3 A 12,449,952 GSM1234701 
G4 T3 B 11,855,477 GSM1234702 
G4 T3 C 12,904,313 GSM1234703 
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Table 1.20 Cont’d. 
 
Shift 
Genotype Time point Replicate 
Number of 
Reads  
Accession 
Number 
G4 T5 A 10,254,159 GSM1234704 
G4 T5 B 9,067,236 GSM1234705 
G4 T5 C 6,131,499 GSM1234706 
G5 T1 A 9,056,627 GSM1234707 
G5 T1 B 10,045,532 GSM1234708 
G5 T1 C 15,530,248 GSM1234709 
G5 T3 A 11,879,089 GSM1234710 
G5 T3 B 7,196,747 GSM1234711 
G5 T3 C 8,001,110 GSM1234712 
G5 T5 A 13,920,497 GSM1234713 
G5 T5 B 13,680,247 GSM1234714 
G5 T5 C 14,816,175 GSM1234715 
G6 T1 A 9,602,203 GSM1234716 
G6 T1 B 7,566,975 GSM1234717 
G6 T1 C 9,696,553 GSM1234718 
G6 T3 A 12,082,235 GSM1234719 
G6 T3 B 14,781,571 GSM1234720 
G6 T3 C 12,839,325 GSM1234721 
G6 T5 A 9,811,518 GSM1234722 
G6 T5 B 7,057,631 GSM1234723 
G6 T5 C 8,823,368 GSM1234724 
G7 T1 A 12,501,344 GSM1234725 
G7 T1 B 13,915,456 GSM1234726 
G7 T1 C 7,441,300 GSM1234727 
G7 T3 A 8,259,402 GSM1234728 
G7 T3 B 9,556,015 GSM1234729 
G7 T3 C 14,437,113 GSM1234730 
G7 T5 A 11,951,221 GSM1234731 
G7 T5 B 11,183,695 GSM1234732 
G7 T5 C 9,210,976 GSM1234733 
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Table 1.20 Cont’d. 
 
Short day 
Genotype Time point Replicate 
Number of 
Reads  
Accession 
Number 
G1 T1 A 5,587,611 GSM1234608 
G1 T1 B 8,310,321 GSM1234609 
G1 T1 C 14,135,270 GSM1234610 
G1 T3 A 13,054,389 GSM1234611 
G1 T3 B 15,695,151 GSM1234612 
G1 T3 C 8,107,437 GSM1234613 
G1 T5 A 8,068,037 GSM1234614 
G1 T5 B 14,123,734 GSM1234615 
G1 T5 C 13,005,518 GSM1234616 
G2 T1 A 10,545,171 GSM1234617 
G2 T1 B 10,572,811 GSM1234618 
G2 T1 C 8,278,017 GSM1234619 
G2 T3 A 13,662,179 GSM1234620 
G2 T3 B 11,993,073 GSM1234621 
G2 T3 C 11,666,543 GSM1234622 
G2 T5 A 8,691,505 GSM1234623 
G2 T5 B 10,452,151 GSM1234624 
G2 T5 C 9,767,413 GSM1234625 
G3 T1 A 13,410,781 GSM1234626 
G3 T1 B 10,542,281 GSM1234627 
G3 T1 C 10,805,344 GSM1234628 
G3 T3 A 12,145,007 GSM1234629 
G3 T3 B 12,998,431 GSM1234630 
G3 T3 C 8,479,165 GSM1234631 
G3 T5 A 11,504,828 GSM1234632 
G3 T5 B 14,130,110 GSM1234633 
G3 T5 C 10,018,379 GSM1234634 
G4 T1 A 10,551,002 GSM1234635 
G4 T1 B 14,365,009 GSM1234636 
G4 T1 C 8,771,705 GSM1234637 
G4 T3 A 14,022,582 GSM1234638 
G4 T3 B 9,221,203 GSM1234639 
G4 T3 C 7,823,815 GSM1234640 
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Long day 
Genotype Time point Replicate 
Number of 
Reads  
Accession 
Number 
G4 T5 A 8,063,375 GSM1234641 
G4 T5 B 10,659,372 GSM1234642 
G4 T5 C 16,850,611 GSM1234643 
G5 T1 A 10,902,808 GSM1234644 
G5 T1 B 10,483,986 GSM1234645 
G5 T1 C 12,488,057 GSM1234646 
G5 T3 A 11,589,817 GSM1234647 
G5 T3 B 12,960,840 GSM1234648 
G5 T3 C 6,206,309 GSM1234649 
G5 T5 A 15,520,545 GSM1234650 
G5 T5 B 9,569,562 GSM1234651 
G5 T5 C 17,321,767 GSM1234652 
G6 T1 A 7,335,067 GSM1234653 
G6 T1 B 7,967,494 GSM1234654 
G6 T1 C 9,526,236 GSM1234655 
G6 T3 A 10,384,275 GSM1234656 
G6 T3 B 11,337,937 GSM1234657 
G6 T3 C 13,668,570 GSM1234658 
G6 T5 A 9,977,520 GSM1234659 
G6 T5 B 9,443,336 GSM1234660 
G6 T5 C 17,591,295 GSM1234661 
G7 T1 A 11,185,415 GSM1234662 
G7 T1 B 11,380,001 GSM1234663 
G7 T1 C 12,641,385 GSM1234664 
G7 T3 A 9,144,596 GSM1234665 
G7 T3 B 14,381,512 GSM1234666 
G7 T3 C 11,858,227 GSM1234667 
G7 T5 A 8,231,552 GSM1234668 
G7 T5 B 9,216,889 GSM1234669 
G7 T5 C 9,152,754 GSM1234670 
 133 
Chapter  2 
RECONSTRUCTION OF FLOWERING GENE NETWORKS 
 
ABSTRACT 
Gene networks arise as a system of interconnected gene regulatory interactions, which leads to 
physiological changes in an organism. Flowering gene networks are well studied in model plant 
species like Arabidopsis; however, these are not well understood in crop species such as 
soybean. In order to explore the network of interactions among soybean flowering genes, we 
performed the reconstruction of soybean flowering gene networks using our RNA sequencing 
data that consist of two time series experiments: the Circadian Time Series consisting of three 
time points in a 24-hour period under long day (LD), shift and short day (SD), and the 
Developmental Time Series (DTS) consisting of three developmental time points upon the 
photoperiod shift from LD to SD. We examined two algorithms: gene co-expression (using 
Pearson correlations) and Graphical Gaussian Models (GGM) (using partial correlations). To 
argument the obtained networks, we performed a comparative analysis with the known 
transcription factor – target information available from the Arabidopsis Gene Regulatory 
Information Server (AGRIS). Co-expression analysis identified more gene interactions (edges) 
conserved in the AGRIS data under flowering inductive SD than LD. Interactions between 
TOC1, GI, CO and FT appeared conserved in the soybean flowering gene network under SD, 
indicating that these genes play important roles in soybean flowering as demonstrated in 
Arabidopsis. We found that interactions among circadian clock genes, the core oscillators 
LHY/CCA1 and TOC1, were highly conserved between Arabidopsis and soybean. Developmental 
time series data revealed the conserved interaction of meristem identity genes and other 
development associated genes. GGM algorithm indicated SEP3 as an important hub in the 
soybean flowering gene network, influencing a large number of genes. 
 
 
 
 134 
2.1 BACKGROUND 
 
A model flowering gene network 
 
Plant development and growth are controlled by the activity of meristems that are comprised of 
stem cells. These stem cells divide rapidly to form undifferentiated cells, which then have two 
fates; either differentiate into different organs or stay undifferentiated and maintain the pool of 
stem cells. Meristems are generally located at root and shoot apex and their continuous activity 
of division leads to plant growth and differentiation. The shoot apical meristems produce leaves 
and axillary buds during vegetative growth. Upon perception of appropriate environmental and 
endogenous signals, the shoot apical meristem is changed into a reproductively determined 
inflorescence meristem.   
Floral initiation is the main physiological change from vegetative to reproductive growth. Plants 
exhibit complex regulatory networks to control the timing of flowering in response to internal 
and external signals. Flowering gene networks are well studied in model species like Arabidopsis 
(Srikanth and Schmid, 2011). Arabidopsis thaliana flowers in response to various endogenous 
and environmental cues. Day length and vernalization are important environmental cues to 
initiate flowering by regulating the expressions of key transcription factors, which converge onto 
a small number of integrators. We can divide the flowering gene network of Arabidopsis 
thaliana into six major pathways: photoperiod, vernalization, autonomous, gibberellin (GA), 
ambient temperature, and age pathway. Products of these pathways somehow regulate meristem 
identity genes in the shoot apical meristem (SAM), which results in flower organ development. 
Photoperiod pathway 
A key element to the transition from vegetative to reproductive growth is photoperiod. The 
Photoperiod pathway senses changes in day length as well as light duration and intensity. 
Important players of the photoperiod pathway in Arabidopsis thaliana are GIGANTEA (GI), 
CONSTANS (CO), FLAVIN KELCH F BOX1 (FKF1) and FLOWERING LOCUS T (FT) (Fowler 
et al., 1999; Imaizumi, Tran, Swartz, Briggs, & Kay, 2003; Kardailsky et al., 1999; Putterill, 
Robson, Lee, Simon, & Coupland, 1995). These genes are well conserved across many flowering 
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species (Hecht et al., 2005). In general these genes are expressed in leaf tissue though CO is 
predominantly expressed in the phloem (An et al., 2004). GI encodes for a membrane protein and 
is thought to play an important role in photoperiodic flowering in Arabidopsis under long day 
conditions. GI expression is correlated with the expression of circadian clock genes like CCA1, 
TOC1 and ELF3 (Fowler et al., 1999). Under long day conditions, CO directly interacts with the 
FT promoter and activates FT transcription (Tiwari et al., 2010). CO is also shown to induce 
flowering independent of FT as well (An et al., 2004). CO expression is regulated by circadian 
clock genes like GIGANTIA (GI), CYCLING DOF FACTOR (CDF) and FLAVIN-BINDING 
KELCH REPEAT, F-BOX 1 (FKF1) (Fornara et al., 2009; Imaizumi et al., 2003; Sawa, 
Nusinow, Kay, & Imaizumi, 2007). Under long day, CO expression has a peak 12-16 hours after 
dawn that is important for photoperiodic flowering. FKF1 is shown to play an important role in 
generating the diurnal peak of CO under long day (Imaizumi et al., 2003).  GI physically 
interacts with FKF1 under a continuous light of 10-12 hours and this complex promotes the 
degradation of Cycling DOF Factors (CDFs) (Sawa et al., 2007). CDFs (specifically CDF1) are 
considered as transcriptional repressor of CO (Fornara et al., 2009). 
CO is also regulated at post-translational level by ubiquitin ligase complex comprised of  
CONSTITUTIVELY PHOTOMORPHOGENIC (COP1) and members of the SUPPRESSOR OF 
PHYA1 (SPA1) (Jang et al., 2008; Laubinger et al., 2006; L.-J. Liu et al., 2008). The COP1-SPA1 
complex ubiqiutinates CO, which results in CO degradation mediated by the proteasome. 
However, this activity is suppressed in the light and CO protein is accumulated by the end of the 
day. PHYTOCHROME A (PHYA) and CRYPTOCHROME 2 (CRY2) play important roles in 
stabilizing the CO. CRY2 forms a complex with SPA1 and also inhibits COP1 by directly binding 
with it (Zuo, Liu, Liu, Liu, & Lin, 2011). Similarly, SPA proteins, Phytochrome A (PhyA) and 
other phytochromes specific signaling intermediate proteins facilitate degradation of CO by 
COP1-mediated ubiquination. COP1 along with EARLY FLOWERING 3 (ELF3) affects 
transcription of CO by limiting the accumulation of FKF1-GI complex in the dark. ELF3 enables 
COP1 to interact and degrade GI (Yu et al., 2008). RING-finger-containing E3 ubiquitin ligase 
HIGH EXPRESSION OF OSMOTICALLY RESPONSIVE GENE 1 (HOS1) plays an important 
role in the instability of CO in the morning (Lazaro, Valverde, Piñeiro, & Jarillo, 2012).  
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Transition to flowering occurs at the shoot apical meristem (SAM) after perception of 
photoperiod in the   leaves.   70   years   ago,   ‘florigen’   was   proposed   as   a   hormone   produced   in  
leaves and was believed to initiate flowering at the SAM (Zeevaart, 2006). FLOWERING 
LOCUS T (FT) is a known florigen, which is produced in leaves and moves through phloem to 
induce flowering in the apical meristem (Thakare, Kumudini, & Dinkins, 2010). The florigen 
signaling pathway may be broken down into three stages; light induced expression of 
CONSTANS (CO) in the leaves, movement of FT protein to shoot meristems and initiation of 
floral primordial development. Flowering is induced at shoot apical meristem where FT interacts 
with a transcription factor FD (Jakoby et al., 2002) and induces flowering by activating the floral 
development genes (Turck, Fornara, & Coupland, 2008). TWIN SISTER OF FT (TSF) is an FT 
homolog that is believed to act like FT (Andrés & Coupland, 2012). 
Circadian clock pathway 
Plants have developed an internal system to respond to diurnal and nocturnal changes in external 
environment. This internal timing mechanism is called a circadian clock (Jones, 2009). It has 
been observed that about 30-40% of Arabidopsis genes belonging to important key pathways are 
under circadian control (Covington, Maloof, Straume, Kay, & Harmer, 2008). Interaction 
between external stimulating factors and internal rhythms is the key for photoperiodic flowering 
(Imaizumi & Kay, 2006). The circadian clock can be divided into three components; central 
oscillator, input, and output pathways (Jones, 2009). Transcriptional feed back loops play 
important roles in the core oscillator during different parts of the day (Jones, 2009). Two MYB-
like transcription factors CIRCADIAN CLOCK ASSOCIATED 1 (CCA1), LATE ELONGATED 
HYPOCOTYL (LHY) and TIMING OF CAB EXPRESSION1 (TOC1) were identified as the core 
oscillator genes exhibiting reciprocal regulation (Alabadí et al., 2001). These proteins were the 
first identified clock proteins among plants (Gendron et al., 2012). In the morning, CCA1/LHY 
repress TOC1 while activating PRR7 and PRR9 whereas in the evening, TOC1 activates the 
expression of LHY/CCA1 indirectly by repressing CCA1 HIKING EXPEDITION (CHE), which 
act as a repressor to CCA1. CHE, a TCP transcription factor binds to CCA1 and possibly 
interferes with TOC1 activity which causes a repression in transcriptional activity of CCA1 
(Pruneda-Paz, Breton, Para, & Kay, 2009). CCA1 and LHY bind directly to the TOC1 promoter 
and repress its expression (Alabadí et al., 2001).  TOC1 also binds directly to specific sequences 
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in the CCA1/LHY promoters through its CCT domain and its overexpression represses 
CCA1/LHY (Gendron et al., 2012). 
Meristem identity genes 
FT is produced in the companion cells of leaves and is transported through sieve elements by the 
help of an endoplasmic reticulum (ER) protein FT-INTERACTING PROTEIN 1 (FTIP1) (L. Liu 
et al., 2012, p. 1). FT is believed as a key gene that causes a cascade of signals, which regulates 
the expression of floral meristem identity genes. SUPPRESSOR OF OVER EXPRESSION OF 
CONSTANS (SOC1); also known as AGL20, a MADS-box transcription factor, is believed to be 
an important gene in flower development under long day (Borner et al., 2000).  SOC1 is believed 
to be a central gene that integrates signals from long day photoperiod, the autonomous pathway, 
vernalization and the Gibberellic acid pathway (Moon et al., 2003). FRUITFUL (FUL or AGL8) 
is also an important gene for flowering under FT activation (Torti et al., 2012). Interaction of 
SOC1 with another MADS-box transcription factor AGL24 causes activation of LEAFY (LFY) 
which initiates flowering. Meristem identity genes act in two groups where the first group 
promotes floral meristem identity while second maintains the vegetative meristem. LEAFY 
(LFY), APETALA1 (AP1) and CAULIFLOWER (CAL) and UNUSUAL FLORAL ORGANS 
(UFO) are promoters of flowering whereas TERMINAL FLOWER1 (TFL1), an FT homologous 
gene, inhibits flowering.  The FT-FD complex is shown to promote the expression of 
SQUAMOSA BINDING PROTEIN LIKE (SPL) transcription factors in the meristem which 
activate SOC1, LFY, FUL and APETALA1 (AP1) (Fornara & Coupland, 2009; Yamaguchi et al., 
2009). The FT-FD complex is also indicated as an activator of AP1 (Wigge et al., 2005). 
Recently another role of FD in flowering is association with TFL1 to repress its targets (Hanano 
& Goto, 2011a). TFL1 represses both LFY and AP1 in shoot apical meristem (Liljegren, 
Gustafson-Brown, Pinyopich, Ditta, & Yanofsky, 1999; Shannon & Meeks-Wagner, 1991).   
Gibberellic acid (GA) pathway 
Gibberellins (GAs) are growth hormones that promote the growth of plants and also cause phase 
transitions during development. In addition to promoting growth, Gibberellins are believed to 
initiate flowering through activation of floral integrators like SUPRESSOR OF 
OVEREXPRESSION OF CONSTANS 1 (SOC1), LEAFY (LFY), and FLOWERING LOCUS T 
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(FT). The GA signaling pathway is itself regulated by various developmental and environmental 
signals (Mutasa-Göttgens & Hedden, 2009). In addition to Gibberelins, other phytohormones 
like abscisic acid and brassinosteroids display only partial interaction with Gibberellic acid, 
which assumes the dominant role in the hormone regulation of the phase transition from 
vegetative to reproductive development (Domagalska, Sarnowska, Nagy, & Davis, 2010). 
Vernalization and autonomous pathways 
Vernalization is defined as a cold or chilling treatment, a low temperature treatment (<7°C) that 
is provided for a period of 1-3 months which induces various physiological changes in plants 
including activation of flowering (Chouard, 1960). This is different than photoperiod where the 
required quantity and quality of light is provided for in a few days (Andrés & Coupland, 2012) . 
FRIGIDA (FRI) and MADS box transcription factor FLOWERING LOCUS C (FLC) are both 
considered important loci in control and regulation of the vernalization response (Johanson et al., 
2000; Michaels & Amasino, 1999). FRI is known to act as a positive regulator of FLC, which 
represses SOC1 and FT, thus delaying flowering (Johanson et al., 2000). SHORT VEGETATIVE 
PHASE (SVP) is a MADS-box transcription factor, known to act along with FLC in delaying 
flowering by binding with FT and SOC1 (J. H. Lee et al., 2007).  The autonomous, vernalization 
and photoperiod pathways converge through regulation of SOC1 expression. CO and FLC are 
known to act antagonistically in controlling flowering by regulating the expression of SOC1 
(Putterill et al., 1995). SOC1 is known as a general regulator in plant organogenesis (J. Lee & 
Lee, 2010a, p. 1).  CO is known to act on SOC1 through FT (J. Lee & Lee, 2010). SVP is known 
to repress floral induction (Hartmann et al., 2000), it binds to CArG motifs on FT and SOC1 
promoters (J. H. Lee et al., 2007). FT transcripts are higher at higher temperatures, suggesting 
that SVP is temperature-dependent (Lee et al., 2007).  
The autonomous pathway is known to contain various genes which control gene expression at 
the epigenetic level (F. Liu et al., 2007). FCA, FPA, and FLOWERING LOCUS KH DOMAIN 
(FLK) are involved in RNA binding, FY in RNA processing, and FVE and FLD in chromatin 
regulation (Bäurle & Dean, 2006). FCA expression is regulated by ambient temperature both at 
the transcriptional and post-translational level. FCA and SVP may be involved in thermosensory 
regulation of the microRNA miR172 whose targets represses photoperiod-dependent flowering 
(Jung, Wong, Singh, & Bhalla, 2012). FLOWERING LOCUS M (FLM), a MADS-box gene like 
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FLC, was masked at higher temperatures suggesting that splicing is an important regulator of 
flowering (Balasubramanian, Sureshkumar, Lempe, & Weigel, 2006). 
Flower development 
After perception of appropriate flowering signals, the shoot apical meristem (SAM) starts 
changing its identity from the vegetative to reproductive phase (J. Lee & Lee, 2010a). After the 
establishment of meristem identity, floral organs are produced following the ABC model. Floral 
identity genes A, B and C form sepals, petals, stamens and carpels singly or in sets of two. The 
levels of LFY and AP1 start increasing which indicates their important role in the development of 
floral primordia (Wigge et al., 2005). Flowering time genes SOC1, AGL24 and SVP are known to 
play important roles in the activation of B and C homeotic genes by directly controlling the LFY 
co-regulator SEPALLATA3 (SEP3). This regulation of SEP3 recruits TFL2/LHP1 (TERMINAL 
FLOWER2/LIKE HETEROCHROMATIN PROTEIN1) (C. Liu, Xi, Shen, Tan, & Yu, 2009).  
SOC1, AGL24 and SVP are suspected to maintain shoot identity while AP1 promotes floral 
identity by repressing these genes (J. Lee & Lee, 2010a).  
LFY and APETALA1 (AP1) are two main determinants of the floral meristem and act as a 
linking point of floral induction and flower development (Alejandra Mandel, Gustafson-Brown, 
Savidge, & Yanofsky, 1992; Gustafson-Brown, Savidge, & Yanofsky, 1994). LFY is expected to 
play a vital role in mediating early floral patterning which helps synchronize the expression of 
floral homeotic genes highlighted in ABC model (C. Liu et al., 2009). LFY is known to act 
downstream of SOC1, which has been shown to attach to the LFY promoter through CArG box 
(Blazquez, Soowal, Lee, & Weigel, 1997; C. Liu et al., 2008). LFY is known to activate API 
which belongs to class A genes and determines the identity of parianth (Alejandra Mandel et al., 
1992). LFY, AP1, and an F-box gene UNUSUAL FLORAL ORGANS (UFO) are known to jointly 
activate APETALA3 (AP3), which is a class B gene that determines petals and stamens (Ng & 
Yanofsky, 2001). LFY, in combination with a homeobox gene WUSCHAL (WUS), activates 
AGAMOUS (AG) which specifies the identity of stamens and carpels (Lenhard, Bohnert, Jürgens, 
& Laux, 2001). 
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Gene networks and their reconstruction 
A network is a group or system of interconnected interactions among genes. The result of these 
interactions leads to a cascade of events that bring about physical or physiological changes in an 
organism. Networks are displayed as graphs where individual objects are called vertices 
(singular vertex) or nodes and the links that connect the nodes are called edges. The edges may 
be directed or undirected depending upon directionality of interaction. If two nodes A and B are 
related to each other asymmetrically, then the edge between them is undirected. On the other 
hand if A activates B we can classify it as a directed edge. Networks as a whole can be classified 
as directed or undirected or mixed depending upon the basis of edges they contain. Network 
density is the measure of links in each node. If each node is linked with all other nodes, the 
network is a completely connected. If there are fewer links, the network is a sparse network. The 
density of a network is calculated as the ratio of existing connections to the number of all 
possible connections. The density ranges from 0 to 1 (completely connected network). 
An important objective of our work was the re-construction of soybean flowering gene networks 
and exploration of important nodes for improvement of the required traits. For the network 
analysis of high throughput data, different approaches may be utilized such as; Boolean networks 
(Kauffman, 1969), co-expression analysis, and Graphical Gaussian Models (Thompson, 1992).  
Network analysis by boolean networks 
Boolean networks are constructed by using the principles and techniques of discreet logic 
(Kauffman, 1969). While comparing gene expression to some threshold, all genes are belong to 
one of the two states, either on or off (0 or 1), and regulation between different genes is set by 
boolean expression functions. Constraint-based Boolean approach has been successfully 
extended to the flowering genes of Arabidopsis thaliana  (Bumee, Liamwirat, Saithong, & 
Meechai, 2010). Constraints are defined on the basis of established facts. For example, validity 
of an interaction between two nodes is verified by literature, if it is not valid the interaction is 
discarded.  The approach can be applied to gene coexpression dataset to simulate the networks 
with and without imposing constraints. 
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Gene co-expression networks 
It has been expected that functionally related genes express in similar fashion under different 
conditions and their expressions can be studied by co-expression analysis. Correlation networks 
can be easily implemented while computing all pairwise correlations for the variables under 
study, keeping the highly correlated ones in the network(Lin et al., 2011). The genes that are 
highly connected (correlated) to each other can be grouped as modules. The interpretations of 
these modules can be performed by functional analysis (Aoki, Ogata, & Shibata, 2007). Gene co-
expression  methods  may   be   classified   as   ‘condition-dependent’   or   ‘condition-independent’   on  
the basis of the data used. Condition-dependent data have responses or expressions under 
specific conditions whereas in the condition-independent method, different data are combined to 
infer a general trend (Childs, Davidson, & Buell, 2011). Co-expression analysis revealed that the 
genes most in common with functional categories are co-expressed (Ogata et al., 2009). The 
technique was successfully applied to identify co-expressed modules in tomato (Ozaki et al., 
2010) and identify transcription factors in rice (Childs et al., 2011).  
Network analysis by graphical Gaussian Models (GGM) 
Though easily implemented, correlational networks are unable to identify the cause and effect 
relationship among different variables. ‘Correlation  does  not  imply  causation’  is a famous quote 
used in statistics to elaborate that a correlation between two variables does not mean that one 
caused other. An approach like Graphical Gaussian Models (GGM) claims to address that issues 
(Opgen-Rhein & Strimmer, 2007). At first a gene correlation network is converted into a partial 
correlation graph followed by a partial reordering of nodes after applying multiple tests on log 
ratios of standardized partial variances. A mixture model is applied on partial correlations, which 
gives two sided p-values to test non-zero correlations as well as posterior probabilities (1-local 
fdr) and q-values (tail area based). As a result, a directed acyclic causal network is obtained as a 
subgraph of the network. Ma and colleagues (Ma, Gong, & Bohnert, 2007), have come up with 
regularized GGM coupled with iterative random sampling of the genes that were expanded to the 
network of the Arabidopsis genome. The network formulated new and revised networks of 
important functions such as cell wall metabolism and cold stress. It is expected to identify strong 
association among the genes expressed in equivalent magnitudes under different photoperiods.  
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Network validation using AGRIS (Arabidopsis Gene Regulatory Information Server)  
Since coexpression based networks do not imply a cause and effect relationship, we adopted the 
approach implemented in virtual plant (Katari et al., 2010), where   coexpressed genes are first 
connected in an undirected graph (network) and then the directions between two nodes are drawn 
based on their relationship in AGRIS (Arabidopsis Gene Regulatory Information Server). 
AGRIS is an information resource of transcription factors (TF), their target genes and promoters. 
AGRIS contains three databases AtcisDB (Arabidopsis thaliana cis-regulatory Database, 
AtTFDB (Arabidopsis thaliana Transcription Factor Database) and AtRegNet (Arabidopsis 
thaliana Regulatory Networks). AtcisDB stores information about Cis Regulatory Elements 
(CRE) and their occurrences in promoter regions of genes. AtTFDB has information about 1851 
TFs, divided into 50 families (identified by Hidden Markov Model searches) and 61 binding sites 
for 54 TFs. Where some TFs might share binding sites there were more binding sites for some 
TFs. AtREGNet has 64 TFs, 8130 target genes and 11354 interactions (1326 TF-TF). The 
interactions are classified as activation, repression or unknown (where the exact nature of 
interaction was not clear). Confirmed interactions had exhibited the binding of TFs to regulatory 
regions of targets in addition to in vivo evidence of regulation of target by TFs. For example, 
AtbHLH15 has 750 direct targets (identified by Chip-chip) but 11 were found to be regulated in 
microarray studies (Davuluri et al., 2003).  
Reconstruction of soybean flowering networks 
Flowering gene networks in models species are hot spots in modern day research, however crop 
species are not as well studied. We hereby present an integrated approach using a combination of 
the methods stated above in order to identify important genes in soybean flowering and explore 
the networks of interactions among them. We tried to establish consensus networks using 
different approaches as well as validate our results by getting support from the published data. 
This network analysis will allow visualization of gene expression data and comparison between 
soybean and Arabidopsis. If a gene is similarly expressed under flowering-inductive 
photoperiods both in soybean (short day) and Arabidopsis (long day), the gene is possibly 
involved in photoperiodic flowering in both species.  The regulatory mechanism of the gene in 
response to specific photoperiod may be divergent between species.  
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2.2 RESULTS 
 
Conserved pathways and gene families in soybean 
The Arabidopsis flowering gene network comprises of around 200 genes arranged in different 
pathways and subnetworks. Among them, the light signaling pathway, vernalization pathway, the 
autonomous pathway, the ambient temperature pathway, meristem identity genes, and flowering 
pathway integrators are considered as main players in flowering (Jung et al., 2012). Our analysis 
using blast (with an e-value of 1e-5, identity of 40 percent, and query or subject coverage of at 
least 50 percent) indicated that most of the flowering genes in Arabidopsis had an average of 3 
homologs in soybean. The light signaling pathway, vernalization pathway, the 
autonomous/ambient temperature pathway, meristem identity and flowering pathway integrators 
can be represented through their orthologs in soybean (Figure 2.1). However, FLC, a main 
regulating gene in the vernalization pathway in Arabidopsis had no potential soybean 
counterparts with high sequence similarity. Glyma05g28130, which was presented as FLC 
homolog earlier (Jung, Wong, Singh, & Bhalla, 2012), had a low identity (<40%) with FLC in 
our analysis. It had a better alignment with MAF3. We reconstructed a soybean flowering gene 
network using information from Arabidopsis homologs (Figure 2.1 and Figure 2.2). Light 
signaling pathway genes had been well conserved in terms of homology as well as function. We 
found that under flower inductive SD conditions, PSEUDO RESPONSE REGULATORS (PRRs), 
FLAVIN BINDING KELCH REPEAT F BOX 1 (FKF1), EARLY FLOWERING 4 (ELF4), 
GIGANTIA (GI), and TIMING OF CAB EXPRESSION 1 (TOC1) are up-regulated in the 
afternoon compared with morning (dT1) and then down-regulated in the evening compared with 
afternoon (dT2) (Figure 2.1).  EARLY FLOWERING 3 (ELF3), LATE ELONGATED 
HYPOCOTYL (LHY), CIRCADIAN CLOCK ASSOCIATED 1 (CCA1), ZEITLUPE (ZTL), CCA1 
HIKING EXPEDITION (CHE) are down regulated in both dT1 and dT2. Among the integrators, 
6 homologs of CO and 2 FT homologs were down regulated in dT1. Very few genes among 
other pathways like the autonomous pathway and the vernalization pathway showed a significant 
change in their expression in the circadian time scale. 
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Coexpression network is dense and less informative 
Coexpression analysis yields undirected edges where the genes with similar expression profiles 
are positively correlated while the ones with opposite expression profiles are negatively 
correlated. We found that the soybean flowering gene network reconstructed by a coexpression-
based clustering approach was relatively dense (density 0.14 and average neighbors ~ 50 ) 
(Figure 2.4), however it was less informative. Our analysis (Figure 2.5) indicated that the number 
edges are highest under SD followed by shift (from LD to SD) and LD being lowest. It shows 
that the flower inductive SD conditions affect more genes. We rearranged our data in order by 
placing LD, shift and SD samples to infer the expression and regulation of genes in a 
Developmental Time Series (DTS). DTS had less strong correlations among genes, likely due to 
higher number of data points (3 fold higher) than other circadian time series datasets. 
Coexpression network coupled with AGRIS information 
Since coexpression networks are dense, undirected and less informative, we used the 
transcription factor and target interaction information from Arabidopsis counterpart genes as 
provided by AGRIS. We obtained the information of available flowering genes from AGRIS and 
reconstructed the AGRIS-based network, consisting of 107 nodes and 184 edges (Figure 2.3). 
The obtained network was sparse with average 3.38 neighbors per node and network density ~ 0. 
In-degree distribution was skewed, following the power law. Out-degree distribution was also 
skewed, it was dominated by SEPALLATA3 (SEP3) (76) followed by AGL15 (71). Expanding 
the Arabidopsis transcription factor (TF)-target associations to soybean homologs yielded 
network of 273 nodes and 2,243 edges. The AGRIS-based soybean network was also sparse with 
a few dominating nodes like AGL15 and SEP3 showing maximum out-degrees.   
We obtained the gene coexpression network using the expression data of domesticated varieties 
under LD and flower inductive SD conditions at three time points (circadian time series). Gene 
pairs with Pearson Correlations (PC) of 0.7 or 70% (absolute value) were retained and compared 
with the AGRIS-based network. SD showed highest number of edges (8,407) followed by shift 
(5537), long day (3473) and DTS (2642).  An edge was treated as conserved if the correlation in 
the coexpression network and AGRIS information correspond to each other, e.g a positive 
correlation between a gene pair with an activation relation in AGRIS or a negative correlation 
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with a repression relation in AGRIS. It was highlighted that the networks with more edges are 
difficult to synchronize (Duan, Wang, Liu, & Chen, 2007).  In order to simplify and achieve 
synchronization, we simplified our networks by removing redundant gene pairs (homeolog nodes 
with same symbols), however, we kept track of differing connections. 
We observed 136 gene pairs (edges) and 69 nodes (genes) under SD in the coexpression network 
were also present in the AGRIS-based network, 97 edges and 36 nodes in common with AGRIS 
under LD, and 56 edges and 37 nodes under shift. DTS showed the highest 341 edges and 69 
nodes in common with AGRIS. 
In long day samples (Figure 2.6), we observed the conservation of interactions among circadian 
clock related genes like LHY, GmLHYL, GmLCL2 (LHY/CCA1 Like), and GmCCA1 all of which 
repressed TOC1 gene in soybean. GIGANTEA (GI) and FKF1 repress CO homologs like 
GmCOL1a, GmCOL1b, GmCOL3a, GmCOL3b that had been found as activators of FT 
homologs under short day (Figure 2.8). We did not find any interactions between CO and FT 
homologs. The inhibitory effect of COP1 on CO homologs: GmCOL8a and GmCOL9b had also 
been observed however COP1 was found activating GmCOL1a, GmCOL1b, GmCOL3a, 
GmCOL3b, GmCOL4a and GmCOL4b. Repression of CO homologs under long day might be an 
important factor in delaying flowering under long day conditions. 
We observed fewer edges (56) in common between shift and AGRIS (Figure 2.7). Interactions 
among circadian clock oscillators (LHY/CCA1/TOC1) are conserved. TOC1 activated GI 
homologs. The inhibitory effect of HOS1 was conserved for CO homologs (GmCOL1a, 
GmCOL1b, GmCOL3a and GmCOL3b). SVP inhibition of SOC1 was also conserved. The 
inhibition of half of the CO homologs by COP1 had been conserved whereas it activated 
remaining half. Self-activation of SEP3 as well as activation of FUL was also conserved.  
Under flowering inductive SD condition (Figure 2.8), we observed mixed behavior of the 
flowering pathway integrators. Three GIGANTEA (GI) homologs, GmGIa, GmGIb and GmGIc 
showed positive correlation with TOC1, which is known to affect GI in Arabidopsis. GIGANTEA 
(GI) acts upstream of CO and is believed to form a complex with FKF1 which plays an 
important role in regulation of CONSTANS (CO) transcription (Imaizumi et al., 2003). We found 
activation of GI (GmGIb) conserved interaction between a homolog of GI (GmGIb) and 
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GmCOL4b, which also had a conserved activation with an FT homolog, GmFT2b. Another GI 
homolog, GmGIa, had shown negative correlation with GmFT2b. GmGIc also had negative 
correlations with CO homologs (GmCOL3a, GmCOL3b, GmCOL1a and GmCOL1b). Repression 
of CO homologs, GmCOL8a, GmCOL8b, GmCOL9a, and GmCOL9b, by TOC1 is conserved 
while GmCOL1a, GmCOL1b, GmCOL3a, GmCOL3b and GmCOL4a were activated in soybean. 
In the same way, the activation of SOC1 by CO homologs like GmCOL8a, GmCOL8b, 
GmCOL9a, GmCOL9b was conserved while GmCOL1a, GmCOL1b and GmCOL3a, and 
GmCOL3b seemed to repress SOC1 (negative correlations). The relationship between CO and 
FT homologs had been mostly conserved, GmCOL1a, GmCOL1b, GmCOL3a, GmCOL3b appear 
to activate GmFT5a and GmFT5b. GmCOL8a and GmCOL8b repress GmFT2b which, among 
meristem identity genes, we found conserved interactions between SEPALLATA3 (SEP3) and 
FRUITFUL (FUL), PISTILLA (PI) and APETALLA3 (AP3). The relationship between AP2, 
TOE1 and SOC1 was also conserved. In the same way AGAMOUS (AG) had also a conserved 
relationship with SHP2 (AGL5-SHATTERPROOF). We also predicted some new interactions 
among soybean genes where Arabidopsis data does not classify the nature of interaction 
(unknown). For example SEP3 has an activating, conserved relationship with Gibberellins (GA1, 
GAr1 and GAr3), CIB1 (CRYPTOCHROME-INTERACTING BASIC-HELIX-LOOP-HELIX 1), 
and STK (AGL11-SEEDSTRICK).  
Interactions among circadian clock genes were also conserved among developmental time series 
data (Figure 2.9). Interaction among meristem identity genes like PI:Ap3, AG:SEP3, SEP3:FUL, 
SEP3:AP3 and AG:SEP3 had been conserved. The inhibitory effect of HIGH EXPRESSION OF 
OSMOTICALLY RESPONSIVE GENE 1 (HOS1) on CO homologs (GmCOL1a, GmCOL1b, 
GmCOL3a and GmCOL3b) is conserved. HOS1, a RING-finger-containing E3 ubiquitin ligase, 
plays an important role in the instability of CO in the morning (Lazaro et al., 2012). The 
inhibitory effect of COP1 was not supported by positive correlations on CO homologs like 
GmCOL1a, GmCOL1b, GmCOL3a, GmCOL3b and GmCOL4a) with the exception of 
GmCOL9a, GmCOL9b, GmCOL8a and GmCOL8b. 
Inhibition of TOC1 by LHY, GmLHYL, GmLCL2 (LHY/CCA1 Like) and GmCCA1 in core 
oscillator of circadian clock genes was also conserved among developmental time series data 
(Figure 2.7). Interaction among meristem identity genes like PI:Ap3, AG:SEP3, SEP3:FUl, 
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SEP3:AP3 and AG:SEP3 were conserved. The inhibitory effect of HIGH EXPRESSION OF 
OSMOTICALLY RESPONSIVE GENE 1 (HOS1) on CO homologs (GmCOL1a, GmCOL1b, 
GmCOL3a and GmCOL3b) is conserved.  
Network analysis by Graphical Gaussian Models (GGM) 
We applied an alternative approach to reconstruction of soybean flowering gene network. 
Graphical Gaussian Models (GGM) claims to address the issues of coexpression analysis in 
finding cause and effect relationships among genes (Opgen-Rhein & Strimmer, 2007). In GGM, 
at first a correlation matrix is obtained among the gene pairs then this correlation network is 
converted into a partial correlation graph followed by a partial reordering of nodes after multiple 
testing of log ratios using standardized partial variances (Figure 2.12). There are different 
parameters to choose from while filtering the network. We selected the connections (edges) 
below a p-value cut off of 0.05 (significant edges) and retained the edges with a probability of 
0.9 (95%). In this way, we retained 2,579 connections (gene pairs linked by edges) under long 
day, 5,355 under short day and 4,141 in developmental time series data. SD had the highest 
connections, which might indicate similar and opposing expression profiles by more genes under 
flower inductive conditions. The GGM method claims to introduce directions among edges 
based upon the cause and effect relationships among different genes, however we did not find 
any significant directions among our data sets. The important feature of a scale free network (a 
network that follows the power law) like GGM is to find major hubs (nodes with many 
connections). We extracted the top highly significant edges (p > = 0.99) and found important 
hubs in our datasets. Under short day, there were 2616 edges in the network comprised of 339 
nodes, each node was connected to around 4-5 other nodes (density 0.046). bZIP transcription 
factor FDP  had highest connections (50) followed by AGL24 (49) and ELF4g (48).  
Interestingly a COL4 homolog (Glyma18g11180) had been highly connected with 6 other genes 
at an FDR cut off of 0 (probability =1) including GmFT3a and one of the E1 genes 
(Glyma06g23026). In long day we observed 1078 edges among 299 nodes, which was less than 
half of short day with a network density of 0.024. GmTFl1g and GmFT1 had maximum 
connections (25 each) followed by CRY2 (24). GmTFL1g had a highly significant connection 
with AGL21, VRN1 and PAF2. In developmental time series data, there were 1641 edges among 
380 nodes. Circadian clock gene, LUX had maximum connections (26) followed by NFYB7 (24) 
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and FDP (24).  Like our coexpression networks, we also coupled these GGM based networks 
with AGRIS information to explore the evolution of flowering in soybean in comparison to 
Arabidopsis. Interestingly we observed some new patterns of behavior in our data.  
GGM network coupled with AGRIS information 
We obtained the networks at probability cut-off of 90% (fdr<0.1) and looked for known 
interactions among the same gene pairs in AGRIS.  Under short day, we observed 250 gene pairs 
(edges) comprised of 125 nodes (genes) that had also been present in AGRIS. 131 edges (86 
nodes) were common between long day and AGRIS while developmental time series data had 
117 edges (95 nodes) common with AGRIS. 
In our short day data (Figure 2.13), we observed (SEP3) homologs (52) to have a high influence 
on other genes followed by AGL15 gene (29) and LFY (15). Like in Arabidopsis, self-activation 
of SEP3 was conserved in soybean. Interestingly, two homologs of TFL1 (GmTFL1c and 
GmTFL1d) were activated by two SEP3 homologs (Glyma08g11120 and Glyma18g00801) and 
repressed by one (Glyma05g28140). SEP3 and AGAMOUS (AG) had a double positive feed back 
loop, conserved in soybean where both activate each other. Activation of PISTILLA (PI) by 
SEP3 was highly conserved except in one gene pair where SEP3 homolog Glyma20g29250 
repressed a PI homolog Glyma13g09660. The SEP3 homolog, Glyma20g29250, represses the 
LFY homolog, Glyma04g37900, while another SEP3 homolog, Glyma18g008001, activates a 
LFY homolog, Glyma06g17170. Activation of LFY by ATMYB33 gene had been highly 
conserved. LFY had also been found to activate AG, AP1 and AP3 while PI activated AP1 and 
AP3. FT, which is repressed by SVP in Arabidopsis, was observed to activate almost all of FT 
homologs with an exception of one gene pair (SVP- Glyma15g06302: FT-Glyma02g07650). 
Repression of VERN2 by VRN1 had been highly conserved except in two gene pairs (VRN1- 
Glyma16g05110: VRN2- Glyma01g41460 and VRN1- Glyma20g01130: VRN2- 
Glyma11g03955). Interestingly, an FD homolog (Glyma04g02420) repressed AP1 
(Glyma16g13070) while GmTFL1a is found to activate two AP1 homologs (Glyma02g13420 
and Glyma08g36380).  
In long day data, some vernalization pathway genes had been found to play some important 
roles. SEP3 had highest connections (44), followed by AP1 (13), AGL15 (11) and SVP (9). 
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GmCOL2a had a conserved activation of SOC1, which activates AGL24. Repression of FT 
homologs SVP had been found conserved for two gene pairs (SVP- Glyma08g07206 : FT-
Glyma08g47816 and SVP- Glyma13g33031 : GmFT2a) and whereas two SVP homologs 
activated two FT homologs (SVP-Glyma13g33031 : GmFT4 and Glyma01g02880 : GmFT2a). 
VRN1 homologs activated VRN2 in all three-gene pairs. FRI activated FLC, which repressed FT 
homologs; Glyma08g47816 and GmFT1b. Repression of SOC1 by SVP had been conserved in 6 
gene pairs while SVP activated SOC1. AP1 (Glyma01g08150) had a conserved repression of 
AGL24 (Glyma04g10015) while two other AP1 homologs (Glyma08g36380 and 
Glyma16g13070) activated same AGL24 gene.   
Development time series data also had a mixture of conserved and opposing interactions. 
Activation of AGL21 by AG was conserved for one gene pair while two gene pairs had AG 
repressing AGL21.  AG also had a conserved activation of GmTFL1d. AGL15 has shown 
activation of GmBFT and GmBFT2 while repression of GmTFL1c and GmTFL1d. Two 
ATMYB33 homologs (Glyma13g04031 and Glyma13g25716) are shown to activate LFY while 
one homolog, Glyma04g15150. FLC had a conserved repression of GmBFT2 and GmFT5b. GI 
had shown a conserved activation of GmCOL2a, which repressed GmFT1b while GmCOL2b 
repressed GmFT4. Activation of AP3 by PI was found conserved in all gene pairs. 
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2.3 DISCUSSION 
  
Short day has a stronger influence on gene expression 
Our analysis reveals that there are stronger connections between gene-pairs under short day 
(Figure 2.5). Number of edges is higher under SD followed by Shift and LD the trend has been 
similar in gene co expression (8407 in SD, 5537 in Shift and 3473 in LD at cor cut-off of |0.7|) 
and GGM (5355 in SD, 3367 in Shift and 2579 in LD at an FDR cut-off of |0.9|). Networks were 
relatively dense under short day compared with LD and similar trend was observed while 
combining our networks with AGRIS. Short day treatment significantly changes the expression 
profiles of a most of the genes belonging to circadian clock, meristem identity and flowering 
pathway integrators. These sub-network modules are thought of playing their significant roles in 
soybean flowering in response to short day photoperiodic conditions.  
Circadian clock genes and their interactions are highly conserved 
Our analysis indicates that the genes belonging to circadian clock and their interactions are 
highly conserved when analyzed by different methods. CCA1 and LHY are homologs, which are 
regulated by PRR1 (also called TOC1). During the night, TOC1 activates LHY/CCA1, which then 
negatively regulate TOC1 in day-time (Alabadi et al., 2001). CCA1 and LHY bind to TOC1 
promoter and repress its expression (Alabadí et al., 2001) while TOC1 also binds directly to the 
specific sequences in the CCA1/LHY promoters through its CCT domain  and  it’s  overexpression  
represses CCA1/LHY (Gendron et al., 2012).  EARLY FLOWERING 3 (ELF3), LATE 
ELONGATED HYPOCOTYL (LHY), CIRCADIAN CLOCK ASSOCIATED 1 (CCA1), ZEITLUPE 
(ZTL), CCA1 HIKING EXPEDITION (CHE) are down regulated in both dT1 (morning to 
afternoon) and dT2 (afternoon to evening). It seems like these genes had higher expression 
during the morning compared with evening, which indicates activation of these genes during the 
night. TOC1 expression decreases from morning to afternoon and then it increases during 
evening (Figure 2.2). CCA1, LHY/TOC1 interactions had been conserved in all datasets, LD, Sh, 
SD and Developmental time series dataset (DTS). 
 
 
 151 
The GI-CO-FT cascade is conserved in soybean 
It  was  previously  found  that  GIGANTIA  (GI)  expression  somehow  correlates  with  the  expression  
of  circadian  clock  genes   like  CCA1,  TOC1  and  ELF3   (Fowler  et  al.,  1999),  however   the  exact  
mechanism  of  GI  regulation  by  circadian  clock  genes  is  unknown.    Our  data  indicates  similarity  
of  expression  between  TOC1  and  GI    (Figure  1.38,  1.39,  2.1  and  2.2).  Expression  patterns  of  CO  
and   FT   correspond   well   with   each   other   while   the   expression   patterns   of   two   FT   homologs  
(GmFT2a  and  GmFT5a)  also  follow  similar  trends  as  in  a  published  study   (Kong  et  al.,  2010),  
where  the  expressions  were  high  in  the  morning  and  gradually  decrease  during  the  day   (Figure  
1.33-34).   Same  FT   homologs   (GmFT2a  and  GmFT5a)  were   linked  with  CO  homologs   in   our  
gene   networks.      Network   analysis   using   coexpression   in   short   day   and   AGRIS   information  
indicated  the  presence  of  a  cascade  among  TOC1,  GI,  CO  and  FT.  TOC1  gene  activates  one  GI  
homolog  (GmGIa),  which  activates  a  CO  homolog  (GmCOL4b),  which   in   turn  activates  an  FT  
homolg   (GmFT2a).   Similarly   GmCOL1a,   GmCOL1b,   GmCOL3a   and   GmCOL3b   activate  
another   FT   homolog   (GmFT5a).   GmCOL3a   and   GmCOL3b   also   activated   GmFT5b.   These  
results   suggest   a   possibility   of   similar   chain   of   events   in   activation   of   FT   homologs   as   like  
Arabidopsis   specifically   GmFT2a   and   GmFT5a,   which   had   already   been   characterized   as  
important  genes   in  photoperiodic  of   flowering  of   soybean  under  short  day   (Kong   et  al.  2010).  
Under  the  effect  of  long  day,  we  also  found  a  significant  interaction  among  circadian  clock  genes  
and   flowering   pathway   integrators   where   other   genes   repress   most   of   CO   homologs.   For  
example,  GI  homologs  (GmGIb  and  GmGIc)  had  been  found  to  repress  GmCOL1a,  GmCOL1b,  
GmCOL3a  and  GmCOL3b.   
 
Treatment specific cross talk of different sub-networks and pathways 
Our   analysis   indicates   a   significant   interaction   of   circadian   clock   and   flowering   pathway  
integrators  with  a   little  overlap  of  other  pathways  specifically  under  circadian   time  series   (LD,  
Shift   and   SD).   GIGANTEA   (GI)   is   known   to   form   a   complex   with   FKF1which   plays   an  
important   role   in   regulation   of   CONSTANS   (CO)   transcription   (Imaizumi   et   al.,   2003).  
Interestingly   in   our   dataset   this   association   of  FKF1   seems   probable   for  GmGIc   as   both  were  
repressing  same  CO  homologs;;  GmCOL1a,  GmCOL1b,  GmCOL3a  and  GmCOL3b  and  this  was  
seen  again  in  long  day  dataset.  COP1-SPA1  complex  control  CO  at  posttranslational  level.  They  
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ubiquitylate   CO   that   is   then   subjected   to   proteasome   degradation   however   this   activity   is  
suppressed   by   CRY2   (Zuo   et   al.,   2011).   We   observed   activation   of   CO   homologs   by   both  
COP1and  SPA1  genes,  which  indicate  the  possibility  of  activation  of  CO  homologs  in  soybean  at  
transcriptional   level.   Repression   of   CO   homologs   by   HOS1   (a   RING-finger-containing   E3  
ubiquitin   ligase)  was   conserved   for  GmCOL1a,  GmCOL1b,  GmCOL3a   and  GmCOL3b   genes,  
This   gene   is   known   to   plays   an   important   role   in   the   instability   of   CO   in   the   morning   in  
Arabidopsis  (Lazaro  et  al.,  2012).   
 
Various  meristem  identity  genes  are  known  to  participate  in  our  networks  under  short  day  flower  
inductive   conditions.   For   example   AGAMOUS   (AG),   PISTILLA   (PI),   APETALA1(AP1),  
APETAL2   (AP2),   APETAL3   (AP3),   FRUITFUL   (FUL   or   AGL8),   SEPALLATA3   (SEP3)   and  
TARGET  OF  EAT   (TOE).  Activation   of  AP3   by  PI,   FUL   and  TOE1   by  SEP3   is   conserved   in  
soybean.  SOC1  is  believed  to  be  a  central  gene  that  integrates  signals  from  long  day  photoperiod,  
autonomous  pathway,  vernalization  and  Gibberellic  acid  pathway  (Moon  et  al.,  2003).  SOC1   is  
known  to  act  downstream  of  CO  and  is  considered  as  an  early  target  of  CO  activation  (Samach  et  
al.,   2000).   In   our   dataset   we   observed   an   activation   of   SOC1   by   GmCOL8a,   GmCOL8b,  
GmCOL9a   and   GmCOL9b   while   it’s   repression   by   GmCOL1a,   GmCOL1b,   GmCOL3a   and  
GmCOL3b.   Activation   of   SOC1   by  Meristem   identity   gene   AP2   has   also   been   conserved   in  
soybean  under  short  day.  Interestingly  SOC1  was  missing  from  networks  under  long  day.   
LFY is not found in any of our coexpression networks as both homologs (Glyma06g17170 and 
Glyma06g38600) had low expressions overall (less than 1 rpkm). LFY is considered as an 
important gene in Arabidopsis flowering while synchronizing the expression of floral homeotic 
genes highlighted in ABC model (C. Liu et al., 2009). Very few genes from vernalization and 
autonomous pathway appeared in our networks suggesting their little role in photoperiodic 
flowering in soybean as previously thought (Summerfield & Robers, 1985). 
Network analysis by GGM identified important hubs in our network 
We exploited the scale free nature of Graphical Gausian Models (GGM) and identified some 
important modules that might help exploring the flowering gene networks in soybean under 
photoperiodic conditions. We obtained the list of highly significant gene-pairs   (p   ≥   99,   fdr   ≤  
0.01). Under short day conditions, we observed bZIP transcription factor FDP (FD paralog) had 
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highest connections (50) followed by AGL24 (49) and ELF4g (48). FDP has been known to 
activate many meristem identity genes (Hanano & Goto, 2011b). AGL24 is a known flowering 
time gene in Arabidopsis, it is known to act along-with SOC1 and SVP in activation of B and C 
homeotic genes by directly controlling the LFY co-regulator SEPALLATA3 (SEP3) while ELF4 
is required for oscillation of circadian clock (McWatters et al., 2007). GmTFl1g and GmFT1 had 
maximum connections (25 each) under long day followed by CRY2 (24). It seems like TFL1 
might play some significant role in marinating the identity of shoot apical meristem under long 
day. In the developmental time series data LUX had maximum connections (26) followed by 
NFYB7 (24) and FDP (24).   
While combining the above networks with AGRIS, we found a higher edges conserved for 
SEPALATTA3 (SEP3) homologs. Other important hubs were AGL15, LFY, AP1, and SVP. 
However SEP3 and AGL15 had already higher connections in AGRIS based on CHIP data 
(Kaufmann et al., 2009). SEP3 is found to repress two TFL1 homologs (GmTFL1c and 
GMTFL1d). The GGM method helped retain some reliable gene-pairs, which were missing from 
coexpression networks. For example LFY was missing from our coexpression results, here we 
observed LFY, being the third important hub in our GGM-AGRIS based networks.  
Taking all gene-pairs together, we observed similarities and differences of trends in three 
datasets (Figure 2.11). Gene pairs common in all datasets were; self activation of AP3 (Hill, Day, 
Zondlo, Thackeray, & Irish, 1998) and SEP3 (Kaufmann et al., 2009), AP1 and AP3 were found 
activating each other in soybean where as in Arabidopsis, AP1 activates AP3  while AP3 
represses AP1, alongwith PI (Sundström, Nakayama, Glimelius, & Irish, 2006). Repression of 
FT (GmFT4) by SVP (Fujiwara et al., 2008) and TOE1 (Aukerman & Sakai, 2003) was also 
conserved. SEP3 is found activating LFY and repressing GA1 in all three datasets whereas the 
exact nature of these relations was unkown in AGRIS (Kaufmann et al., 2009). Activation of 
AP3 by PI (Ng & Yanofsky, 2001) had been highly conserved in all datasets. Activation of 
SOC1 by SVP had been also found in with a high occurrence in soybean which is different than 
Arabidopsis where SVP represses SOC1 (Hepworth, Valverde, Ravenscroft, Mouradov, & 
Coupland, 2002; Li et al., 2008). SD had more gene pairs (42) specifically related to it. Among 
them important to mention are; Repression of AP1 by SOC1 was conserved, whereas AP1 
activated SVP. LFY activated AG, AP1 and AP3 which is similar to Arabidopsis (Lamb, Hill, 
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Tan, & Irish, 2002). Activation of GA1 by SOC1 was also conserved (J. Lee & Lee, 2010b). 
Interestingly one TFL1 homolog (GmTFL1a) activated a SOC1 gene. Long day had 18 gene 
pairs not in any other dataset. Interesting to note are conserved activation of AGL24 by SOC1 
and repression of FT (GmFT2a, GmFT5b). PI also repressed AP1, as in Arabidopsis. 
Development Time Series (DTS) dataset also had a significant amount of gene pairs specifically 
related to it. AP2 is found activating itself in DTS data, which is different than Arabidopsis, 
where it represses itself (Yant et al., 2010). More gene pair overlaps were found between short 
day and developmental time series data (DTS). For example AP2 activated SOC1 is similar to 
Arabidopsis (Yant et al., 2010), activation of AP3 and PI by SEP3 (Kaufmann et al., 2009), 
AGL15 activated GmBFT2, however AGL15 had already higher connections in AGRIS based on 
CHIP data where the exact nature of these interactions are uknown (Kaufmann et al., 2009). FLC 
had conserved repression of FT (GmFT1b) under LD whereas FRI had a conserved activation of 
FLC (Johanson et al., 2000).  
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2.4 MATERIALS AND METHODS  
Reconstruction of flowering gene networks based on homology 
We tried to reconstruct the flowering gene network based on Arabidopsis homologs and their 
relationship with one another in literature (Higgins, Bailey, & Laurie, 2010). The network, 
generated can be used to infer the change in expressions. Arabidopsis genes are represented with 
their gene symbols and their soy orthologs, grouped together in a box. The boxes are then placed 
in the shape of networks using the relationships (edges and their directions) from Arabidopsis 
literature. Each soy ortholog has been assigned a small box to represent the regulation status in 
two colors; red for up regulated and green for down regulated (Figure 2.1). In this way one can 
observe the expression patterns of different sub networks or modules under different conditions. 
Gene coexpression network 
In order to identify the mechanisms of photoperiodic flowering in soybean we reconstructed the 
coexpression-based networks. We obtained Pearson correlations using average linkage similarity 
clustering method implemented in the Cladist package (Ng et al., 2006). We used RPKM 
normalized data that takes into account the issues regarding unequal gene lengths and reads 
produced per sample. Pearson correlation contains a defacto per gene normalization and a 
linkage threshold that resolves the issues related to differences in magnitudes of gene expression 
profiles.  
Network analysis by Graphical Gaussian Models (GGM) 
Partial correlations (pcors) were obtained using the GeneNet package (Opgen-Rhein & 
Strimmer, 2007). The “ggm.estimate.pcor” script was used. Graphical Gaussian Models (GGM) 
uses dynamical correlations that take into account the trajectories of gene expression curves 
around their mean, and resolves the issues related to differences in magnitudes of gene 
expression profiles. At first a gene correlation network is obtained and then it is converted into a 
partial correlation graph followed by a partial reordering of nodes after applying multiple tests on 
log ratios of standardized partial variances. A mixture model is applied on partial correlations, 
which gives two sided p-values to test non-zero correlations as well as posterior probabilities (1- 
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local fdr) and q-values (tail area based). As a result, a directed acyclic causal network is obtained 
as a subgraph of the network. 
Network visualization  
After obtaining the interactions of our genes of interest, we reconstructed their networks using 
cytoscape (Shannon et al., 2003). For visualization of networks based upon pcors (GGM), we 
used  R  package  “Graphviz”  (Gansner, Koren, & North, 2004). 
Network comparisons 
We obtained gene networks using both gene co-expression and GGM methods and retained 
significant edges. For Pearson correlations (PC) the gene pairs (edges) with 70% correlations 
(PC ≥  |0.7|),  and  for GGM networks we kept the genes with a probability (1-fdr) of 0.9, p<0.05 
and q<0.05. We then looked for the relationship between the same nodes in AGRIS. We 
classified the edges as conserved and opposite, an edge is conserved if its relationship in AGRIS 
is activation and there is a positive correlation using soybean data or a relationship in AGRIS is 
repression and there is a negative correlation. A positive correlation for a repression in AGRIS or 
negative correlation for activation relation in would be classified as opposite. We did not classify 
the   ‘unknown’   relationships  however  Pearson  correlations  might  help  predict   the   functions,   so  
we added directions based on soybean data. It was highlighted that the networks with more edges 
are difficult to synchronize (Duan et al., 2007).  In order to simplify and achieve 
synchronization, we simplified our networks by removing redundant gene-pairs (homeolog 
nodes with same symbols), however we kept track of differing connections. 
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2.6 FIGURES   
 
Figure 2.1: Soybean flowering gene network using Arabidopis homologs. Groups of genes are presented in same box. Genes 
shown with red boxes are up-regulated under short day afternoon, compared with morning (dT1) in Clark (G1), whereas the 
down-regulated genes are colored green.  
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Figure 2.2: Soybean flowering gene network using Arabidopis homologs. Groups of genes are presented in same box. Genes 
shown with red boxes are up-regulated under short day evening, compared with afternoon (dT2) in Clark (G1), whereas the 
down-regulated genes are colored green.  
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Figure 2.3: A network of interaction of Arabidopsis flowering genes based on TF-Target information from AGRIS (Davuluri et 
al., 2003). Node size correlate with out-degrees, genes influencing more genes (higher out degrees) are shown bigger while 
transcription factors are presented as diamonds. Node colors represent different categories of flowering genes as shown in the 
box. SEPALLATA3 (76) had higher outgoing edges followed by AGL15 (71). Overall network appears sparse (107 nodes, 184 
edges, average 3.38 neighbors per node, network density~0).
 172 
 
Figure 2.4: Pearson correlation based gene co-expression networks for the candidate flowering genes with in short day 
treatment in domesticated varieties (G1-G6) at a correlation cut-off of 0.7 (absolute) or 70%. Network seems like relatively 
dense (338 nodes, 2644 edges, average neighbors ~ 50 and Network density 0.14). Edge Color: red, negative correlations; 
green, positive correlations. 
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Figure 2.5: Network size in terms of number of edges at different Pearson Correlation 
(PC) cut-offs (absolute). It has been speculated that SD treatment had a stronger effect on 
coexpression of genes followed by Shift and LD. Developmental Time Series dataset 
(DTS) had fewer edges that might be due to higher number of data points in the dataset.
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Figure 2.6: Gene coexpression - AGRIS network for the candidate flowering genes under LD. Pearson correlations were 
obtained using RPKM normalized expressions from all domesticated varieties at three time points. Edges with 0.7 (absolute) or 
70% correlations were retained and the interactions among same gene pairs were combined with AGRIS. Directions within the 
network are obtained using correlations in soybean. Node shape: diamonds, transcription factors. Edge color: green, conserved; 
red, opposite relation; blue, unknown in AGRIS. Edge shape: arrow, activation; T, repression. 
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Figure 2.7: Gene coexpression - AGRIS network for the candidate flowering genes under shift data. Pearson correlations were 
obtained using RPKM normalized expressions from all domesticated varieties at three time points. Edges with 0.7 (absolute) or 
70% correlations were retained and the interactions among same gene pairs were combined with AGRIS. Directions within the 
network are obtained using correlations in soybean. Node shape: diamonds, transcription factors. Edge color: green, conserved; 
red, opposite relation; blue, unknown in AGRIS. Edge shape: arrow, activation; T, repression. 
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Figure 2.8: Gene coexpression - AGRIS network for the candidate flowering genes under short day. Pearson correlations were 
obtained using RPKM normalized expressions from all domesticated varieties at three time points. Edges with 0.7 (absolute) or 
70% correlations were retained and the interactions among same gene pairs were combined with AGRIS. Directions within the 
network are obtained using correlations in soybean. Node shape: diamonds, transcription factors. Edge color: green, conserved; 
red, opposite relation; blue, unknown in AGRIS. Edge shape: arrow, activation; T, repression. 
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Figure 2.9: Gene coexpression - AGRIS network for the candidate flowering genes in developmental data. Pearson correlations 
were obtained using RPKM normalized expressions from all domesticated varieties at three time points. Edges with 0.7 
(absolute) or 70% correlations were retained and the interactions among same gene pairs were combined with AGRIS. 
Directions within the network are obtained using correlations in soybean. Node shape: diamonds, transcription factors. Edge 
color: green, conserved; red, opposite relation; blue, unknown in AGRIS. Edge shape: arrow, activation; T, repression. 
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Figure 2.10: A comparison of Coexpression-AGRIS networks in three datasets, LD, Shift and SD. More edges were 
specifically related to SD and there were relatively more genes to overlap between all groups followed by overlap between SD 
and LD. 
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Figure 2.11: Gene coexpression - AGRIS network for the candidate flowering genes in all photoperiods. Pearson correlations 
were obtained using RPKM normalized expressions from all domesticated varieties at three time points. Edges with 0.7 
(absolute) or 70% correlations were retained and the interactions among same gene pairs were combined with AGRIS. 
Directions within the network are obtained using correlations in soybean. Node shape: diamonds, transcription factors. Edge 
color: green, conserved; red, opposite relation; blue, unknown in AGRIS. Edge shape: arrow, activation; T, repression.
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Figure 2.12: Comparative density plot of Pearson vs partial correlations (A) indicating 
that partial correlations are quite low (centered around 0). The tails of distributions 
are flat. (B) Graphical output of fdrtool embedded in package GeneNet. Histogram 
and density of the fitted mixture model is shown at top. Middle graph shows 
cumulative density functions and bottom one indicates local as well as tail area based 
fdr. 
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Figure 2.13: Gene network for the candidate flowering genes under SD, using partial 
correlations (pcors) by Graphical Gausian Models (GGM). Each gene is highlighted 
using the symbols from Arabidopsis homologs. The network displays significant edges at 
an fdr < 0.01 (339 nodes: 2616 edges) and 0 (right). Network density is 0.046 and degree 
distribution follows power law. Node size is proportional to degrees (number of 
connections). FDP has maximum connections (50) followed by AGL24 (49) and ELF4g 
(48).  
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Figure 2.14: GGM - AGRIS network for the candidate flowering in in long day data. Partial correlations were obtained using 
RPKM normalized expressions from all domesticated varieties at three time points. Significant edges (fdr ≤  0.1)  were  retained  
and the interactions among same gene pairs were searched in AGRIS. Directions within the network are obtained using 
correlations in soybean. Node shape: diamonds, transcription factors. Edge color: green, conserved; red, opposite relation; 
blue, unknown in AGRIS. Edge shape: arrow, activation; T, repression. 
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Figure 2.15: GGM - AGRIS network for the candidate flowering in in shift data. Partial correlations were obtained using RPKM 
normalized expressions from all domesticated varieties   at   three   time   points.   Significant   edges   (fdr   ≤   0.1)   were   retained   and   the  
interactions among same gene pairs were searched in AGRIS. Directions within the network are obtained using correlations in 
soybean. Node shape: diamonds, transcription factors. Edge color: green, conserved; red, opposite relation; blue, unknown in AGRIS. 
Edge shape: arrow, activation; T, repression. 
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Figure 2.16: GGM - AGRIS network for the candidate flowering in short day data. Partial correlations were obtained using RPKM 
normalized   expressions   from   all   domesticated   varieties   at   three   time   points.   Significant   edges   (fdr   ≤   0.1)   were   retained   and   the 
interactions among same gene pairs were searched in AGRIS. Directions within the network are obtained using correlations in 
soybean. Node shape: diamonds, transcription factors. Edge color: green, conserved; red, opposite relation; blue, unknown in AGRIS. 
Edge shape: arrow, activation; T, repression. 
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Figure 2.17: GGM - AGRIS network for the candidate flowering in developmental time series data. Partial correlations were obtained 
using  RPKM  normalized  expressions  from  all  domesticated  varieties  at  three  time  points.  Significant  edges  (fdr  ≤  0.1)  were  retained 
and the interactions among same gene pairs were searched in AGRIS. Directions within the network are obtained using correlations in 
soybean. Node shape: diamonds, transcription factors. Edge color: green, conserved; red, opposite relation; blue, unknown in AGRIS. 
Edge shape: arrow, activation; T, repression. 
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Chapter  3 
IDENTIFICATION OF NETWORK MOTIFS  
 
ABSTRACT 
 
Biological networks are complicated webs of interactions of molecules. To understand the action 
of biological networks, identification of core network modules called network motifs and their 
function is an essential approach. In order to identify important network motifs and their roles in 
flowering control in plants, we performed a network motif analysis using the flowering gene 
regulatory networks of Arabidopsis. First, we reconstructed the flowering gene network using the 
known transcription factor – target interactions available from the Arabidopsis Gene Regulatory 
Information Server (AGRIS) among 199 flowering genes. The motif identification software 
Fanmod was used to extract 3-nodes and 4-nodes network motifs. However, most of identified 
modules from the AGRIS-based flowering gene network were not statistically significant when 
compared to a synthetic random network with a similar network density. This is likely due to 
sparse genetic interactions in the AGRIS-based network, and may also be due to biased 
experimental design toward particular genes in the AGRIS data. To obtain non-biased networks 
with sufficient density yet high reliability, we reconstructed the Arabidopsis flowering network 
using a novel algorithm, Causal Subspace Pursuit for Inference and Analysis of Networks 
(CaSPIAN) and publicly available microarray data sets. Using the CaSPIAN-based flowering 
gene network, we successfully identified several statistically significant network motifs. 
Interestingly, we found a significant number of four node diamond motifs that are previously 
identified in signal transduction networks. Most of these diamond motifs involved SEP3, 
indicating its importance in flowering and flower development. We identified two network 
modules involving LFY/AG/AP1/AP3 and SEP3/AG/AP1/AP3. The presence of a double positive 
feedback loop between SEP3 and AG suggests the possible role of the SEP3/AG/AP1/AP3 
module on an irreversible cell fate decision in flower development in response to a transient 
developmental signal. 
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3.1 BACKGROUND   
Biological systems operate on interactions among different constituents of cells like DNA, RNA, 
proteins and other small molecules. These interactions create complex webs of interactions 
within cells and constitute the structures and functions of cells (Barabási & Oltvai, 2004). High-
throughput methods have made it possible to model these complicated webs as networks of 
regulatory interactions (Blais & Dynlacht, 2005). Biological networks are presented as nodes, 
which are connected by edges. A node may be a gene, protein or any other molecule, whereas 
edges represent interactions. Biological networks in general possess a scale-free topology where 
few genes have larger connections and most of them have small. These genes are called as hubs 
that are believed as main players in directing the response to any stimulus. A complicated 
network can be simplified into small autonomous units or modules. Genes in a module or 
subnetwork respond together in an integrated fashion to environmental stimuli. These simplified 
recurring patterns or units are called network motifs (T. I. Lee et al., 2002; Milo et al., 2002; 
Alon, 2007).  
Transcriptional regulatory networks may be broadly divided into Sensory Transcriptional 
Networks (STNs) and Developmental Transcriptional Networks (DTNs). STNs respond to 
different environmental stimuli while DTNs control and direct development and differentiation 
processes (Alon, 2007). STNs respond quickly and reversibly to stimuli whereas DTNs respond 
slowly but irreversibly. Both types of networks operate through their specific network motifs. 
Network motifs provide specific regulatory capacities in the shape of different patterns of 
interactions and different cells adopt specific regulatory strategies using motifs. Auto regulation 
motifs produce regulators that bind to their own promoter and perform their self-regulation (T. I. 
Lee et al., 2002). This regulation can be a Positive Auto-Regulation (PAR) in which a gene 
activates its own promoter or a Negative Auto-Regulation (Figure 3.1A) in which it represses 
itself (NAR) (Alon, 2007).  
Feedback loops are formed if two genes regulate each other, these interactions may be positive, 
negative or a combination of both. If two genes activate each other the resulting motif is called a 
double positive feedback loop (Figure 3.1B) where as if they repress each other the motif is 
called double negative feedback loop (Figure 3.1C). In a double positive feedback loop, both 
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genes might be ON or OFF whereas either one is ON in a double negative feedback loop. An 
important and interesting property of these motifs is the interlocking mechanism. The loop can 
be locked irreversibly into a steady state while retaining the memory of input signal. This can be 
achieved by autoregulation or any input signal (Figure 3.1E-F). Two node feedback loops with 
positive autoregulation are common in DTN.  
Sometimes the two genes in feedback loops jointly regulate a third gene and in this way a three-
node motif is formed. This organization is called a regulating feedback loop while a regulated 
feedback motif is formed if two mutually regulating genes are both regulated by another gene. In 
the latter case (regulated feedback loop), the memory of the signal stays even if it is depleted 
(Figure 3.2). Sometimes two genes reciprocally regulate each other where one gene activates 
other while other represses it (Alabadí et al., 2001). A Feed Forward Loop (FFL) is characterized 
by the presence of a master regulator, which regulates another regulator, and both then regulate 
the same target gene (T. I. Lee et al., 2002, Alon, 2007).  These motifs are present in large 
number of organisms like E.coli (Milo et al., 2002), Saccharomyces cerevisiae (T. I. Lee et al., 
2002), humans (Boyer et al., 2005; Odom et al., 2004; Swiers, Patient, & Loose, 2006) and 
plants (Saddic et al., 2006). Taking the possibility of both positive and negative interactions, 
there are eight types of FFL (Mangan & Alon, 2003). Among them, coherent Type 1 (all positive 
interactions) and incoherent type 1 (A activates B and C while B represses C) is more frequent in 
yeast (Mangan & Alon, 2003; Wong, Baur, Quader, & Huang, 2011). A single gene regulating 
two genes forms a fan that are is often enriched in high frequency.  
Cascades are formed if we observe more than transcription factors are chained together where a 
gene A activates B, which regulates C and so on (T. I. Lee et al., 2002). These motifs are 
common to developmental networks, in which they are mostly repressor cascades. These motifs 
lead to longer response time on the underlying genes, which is required during differentiation 
(Bolouri & Davidson, 2003).   
Four nodes interact in multiple ways with minimum 3 to maximum 12 possible links (Figure 
3.3D). Four nodes also form bi-parallel diamond motifs where a gene regulates two genes, which 
further regulate a common target (Figure 3.3B). These are found more in signal transduction 
networks than transcriptional networks (Alon, 2007). A bi-FAN is formed by two genes 
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regulating the same pair of genes (Figure 3.3 A). Sometimes the diamonds are combined to form 
multilayer perception motifs, which is observed in signaling proteins (Itzkovitz et al., 2005).  
Network motifs were first detected in transcriptional regulatory networks of Yeast, 
Saccharomyces cerevisiae (T. I. Lee et al., 2002) and Escherichia coli (Milo et al., 2002) in high 
frequency than in random networks (statistically significant). Since then, these motifs have been 
explored in different organisms such as animal (Boyer et al., 2005; Odom et al., 2004; Swiers, 
Patient, & Loose, 2006) and to a small extent in plants, in which a feed forward loop was 
discovered in the meristem identity genes LFY, LMI1 and AP1 (Saddic et al., 2006). Our 
molecular analysis also indicated the existence of two network motifs involving six important 
genes in flower development, SOC1, CO, FT, LFY, TFL1 and AP1. These genes exhibited two 
diamond motifs (Figure 3.4). In one of them  (Figure 3.4A), CO activates FT and TFL1 
expression; FT then activates AP1, whereas TFL1 represses AP1. In a second motif (Figure 
3.4B), SOC1 substitutes for CO and the rest remains the same. Regulation of AP1 is critical in 
the development of the shoot apical meristem (SAM) into floral primordia. LFY and APETALA1 
(AP1) are two main determinants of floral meristem identity and act as a linking point of floral 
induction and flower development (Alejandra Mandel et al., 1992; Gustafson-Brown et al., 
1994). We wanted to see whether these motifs are occurring significantly in flower development 
in comparison with other networks or whether it is an outcome of a random chance. 
Simplification of biological networks into simple building blocks like network motifs is 
becoming increasingly popular although there are some critiques (Ingram, Stumpf, & Stark, 
2006; Voigt, Wolf, & Arkin, 2005). Since our soybean networks were a little complicated due to 
the presence of more (~3) homologs for Arabidopsis genes (due to genome duplications) with 
varying gene interactions, a simplification approach might help understand and explore 
important gene interactions in smaller units. Therefore, we performed a motif analysis of 
Arabidopsis gene networks related to flowering and other metabolic networks. Gene regulatory 
interactions are well studied in Arabidopsis and information can be found in literature and 
databases. To compare the two types of transcriptional regulatory networks we selected the genes 
related to flower development as well as some non-developmental networks. Our analysis 
indicated the enrichment of important motifs related to flower development and this information 
can be used to explore the gene interactions among complicated networks like soybean. 
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3.2 RESULTS 
 
Comparative performance of motif-finding software 
There are different tools available for motif detection such as mfinder (Kashtan, Itzkovitz, Milo, 
& Alon, 2004), FANMOD (Wernicke & Rasche, 2006), MAVISTO (Schreiber & 
Schwöbbermeyer, 2005) and PAJEK (Batagelj & Mrvar, 2004). mFinder requires some 
additional processing of input files where source and target IDs need to be coded into numeric 
values and it requires another software mDraw to visualize the outputs (Figure 3.5). It was found 
to be impractically slow as it was unable to enumerate all four node subgraphs (7 X 1010 of size 
4) on 2.8 GHz processor using 4 GB RAM in two weeks whereas FANMOD was able to finish 
this task in around 2 hours. mFinder identified some subnetwork regions within the flowering 
gene network where one might expect some motifs to be found.  Motif   ID  6  (‘FAN’)  was  most  
frequent (~99% of the total motifs detected) and significant in all networks (Figure 3.6). A gene 
regulating two downstream genes forms it and since one gene might regulate multiple genes the 
probability of finding a fan is always high. We did not used Pajek (Wernicke & Rasche, 2006) as 
it does not calculate the statistical significance tests. MAVISTO requires much processing of 
input files to obtain the required format. FANMOD was found to be the most efficient and easy 
to use motif finder. It generates HTML pages where one can navigate the pictures and statistics 
of significant motifs. We therefore used FANMOD for our work.  
Biological networks are sparse and less dense for motif identification 
By using FANMOD, we were able to run our datasets for identification of 3 and 4 node motifs. 
Among three node motifs, we observed all possible (12) motifs with 3 instances of ID 108 
(regulated motif) and 6 instances of ID 46 (regulating motif) were observed in flowering genes 
(Figure 3.7).  As expected, ID 6 (FAN) was highly over represented (~ 99% of the total motifs) 
in  all  datasets.  Among  4  node  motifs,  we  observed  ID14  (‘FAN’)  as  the  most  frequent  (~40%)  
motif along with its other variants. However, the other motifs found were not statistically 
significant (Pvalue > 0.05). We found that this issue might be an outcome of sparsity of our 
networks (Berg & Lässig, 2004). The AGRIS network as a whole comprises of 8,156 nodes and 
11,354 edges, with an average of 2.78 neighbors per node and the network density around 0 
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(Figure 3.8). The network follows a scale free topology in which the whole network was 
dominated by few genes (typical of biological networks). For example two nodes SEP3 and 
AGL15 have around 4,000 outgoing connections (out degrees). The AGRIS based network of 
Arabidopsis flowering genes had 107 nodes and 184 edges (Figure 2.3), which was also a sparse 
network (average 3.38 neighbors per node, network density ~ 0). Indegree distribution was 
skewed, following power law, out degree distribution was also skewed. SEPALLATA3 had the 
highest connections (76) followed by AGL15 (71).  
CaSPIAN added new gene interactions resolving the sparsity issue 
By using a recently proposed algorithm, CaSPIAN (Causal Subspace Pursuit for Inference and 
Analysis of Networks) (Deng, Emad & Milenkovic, 2012), we identified new interactions among 
gene pairs along with confirmation of the old interactions. These newly identified interactions 
augmented the AGRIS-based networks and helped resolve the sparsity issue. We tried different 
parameters of CaSPIAN for our gene lists using microarray expression data across different 
treatment combinations and finally selected CaSPIAN2-C (using causality) with K (maximum in 
degree 10) and F statistics with a p-value cut-off of <0.0001 (highly significant). Our final 
networks for motif analysis were relatively dense to perform motif analysis (Figure 3.9).  
Identification of four node motifs  
The CaSPIAN augmented AGRIS networks were relatively dense with even degree distributions. 
FANMOD was able to detect significant 3-node and 4-node motifs.  We focused on 4-note 
motifs in this study because of the following reasons. First, our preliminary data indicated 
potential importance of 4-node diamond/bi-parallel motifs. Second, the function of 4-node motifs 
in gene regulatory networks underlying organismal development was less understood. We 
detected a total of 30 significant 4-node motifs in the flowering gene network, whereas other 
networks did not show any significant motifs. FAN motifs and its variants were present in very 
high frequencies. A Bi-FAN is formed by two genes X and Y regulating two downstream genes, 
but it is not found to be biologically important (Ingram et al., 2006). Twelve of them were 
biparallel / diamond motifs (Figure 3.10). A general feature of the diamond motifs is that there is 
a top-regulating gene (master regulator), which acts as an input switch that is regulated by itself 
or some input signal and conveys the signal to two downstream genes, which act as middle 
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relays and regulate a common target gene. Among these diamond motifs, we found motif 8844 
as an interesting pattern similar to our experimentally verified motifs. However, in all instances, 
we observed a reciprocal regulation between one of the middle genes and the final target (Figure 
3.11); whereas our motifs had a double negative feedback loop among one of the middle genes 
and final target gene (Figure 3.3). Interestingly, the top gene was mostly SEP3 (8 out of 12 
motifs), followed by AGAMOUS-LIKE MADS-box protein AGL15 and CONSTITUTIVELY 
PHOTOMORPHOGENIC (COP1)  (2 instances each).  
We also performed motif analysis using confirmed direct interactions from AGRIS while adding 
some well-known interactions found in literature. Though not enriched by a significant level due 
to sparsity of these networks, some potential candidate diamond motifs were indicated. 
Interestingly these biparallel 4 node interactions were mostly found between meristem identity 
genes: SEPALLATA3 (SEP3), AGAMOUS-LIKE MADS-box protein (AGL24), APETALLA 2 
(AP2), APETALLA 3 (AP3), WUSCHAL (WUS) activates AGAMOUS (AG) and integrators; 
LEAFY (LFY), APETALLA 1 (AP1), SUPPRESSOR OF OVER EXPRESSION OF CONSTANS 
(SOC1), FLOWERING LOCUS T (FT), and FLOWERING LOCUS D (FD). Interestingly, we 
also observed the interactions for core circadian clock oscillator genes LATE ELONGATED 
HYPOCOTYL (LHY), CIRCADIAN CLOCK ASSOCIATED 1 (CCA1) and TIMING OF CAB 
EXPRESSION 1 (TOC1) with GIGANTIA (GI) also following a diamond motif pattern (Figure 
3.12). Two motifs were found with highly reliable edges (Direct and confirmed interactions) 
formed by interaction of integrators like LFY and AP1 and meristem identity genes AG, SEP3 
and AP3 (Figure 3.13). 
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3.3 DISCUSSION 
 
Four node diamond motifs exist in plant developmental networks 
Our analysis using gene interactions in AGRIS augmented by novel interactions from CaSPIAN 
resolved the issue of network sparsity and identified some statistically significant four-node 
diamond motifs in our networks compared to random networks. These motifs were specifically 
enriched within flower development networks. None of these motifs were significantly detected 
in other regulatory networks like disease response, NO3, sugar and salt metabolism datasets. It 
indicates that this feature might be a distinguishing feature of flower development genes. It is 
interesting to find these motifs in developmental gene networks as these diamond motifs were 
earlier thought to exist only in signal transduction networks (Alon, 2007; Itzkovitz et al., 2005). 
Motif (ID 8844), similar to our experimentally identified motif was found in the flower 
development sub-networks 
We found motif 8844 as an interesting pattern similar to our experimentally verified motifs. 
However, there had been a reciprocal regulation between one of the middle genes and the final 
target, whereas our motifs had a double negative feedback loop among one of the middle genes 
and final target gene (Figure 3.3). Interestingly, the top gene was mostly SEP3 (8 out of 12 
motifs), which is a K-Box region MADS-box transcription factor family protein. SEP3 is known 
to act downstream of FT and SPL3 and plays an important role in flowering in response to 
ambient temperature (Hwan Lee, Joon Kim, & Ahn, 2012). SEP3 is also known to be a co-
regulator of LFY and flowering time genes SOC1, AGL24 and SVP directly control SEP3 (C. Liu 
et al., 2009b). In our identified motifs, we also observed that most of the top part (top gene and 
its interactions with middle genes) of the diamonds is formed by interactions derived from 
AGRIS while the bottom part is provided by CaSPIAN. In one of the motifs; SEP3 activates AP1 
and PI, AP1 then activates HUA2. PI and HUA2 had a reciprocal regulation with each other 
where HUA2 activates PI, which represses HUA2. In another instance, a similar relation was 
found except AP1 was replaced by ELF3. PI is a floral homeotic gene classified as a B function 
gene, which acts with AP3 (another B function gene). The PI and AP3 complex is thought to 
activate PI (Goto & Meyerowitz, 1994). HUA2 is known to be required for the expression of 
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floral repressors like FLOWRING LOCUS C (FLC) and FLOWRING LOCUS M (FLM) (Doyle 
et al., 2005, p. 2). A probable mechanism of flower development might involve perception of 
development signal by top gene SEP3 and then it reaches to the AP1 (or ELF3) and PI, which 
then activates HUA2, which blocks the flowering till the conditions are favorable. The second 
arm of the motif might gets activated on the arrival of favorable conditions in which SEP3 might 
activate PI which then represses HUA2, indirectly blocking the downstream repressors. 
Reciprocal regulation between HUA2 and PI might also keep HUA2 in control and induces 
flowering.  
Diamond motifs preferentially appear in the junction of integrators and meristem identity 
genes  
Using confirmed direct interactions from AGRIS and some well-known interactions found in 
literature, we identified some potential candidate diamond motifs. However, these motifs were 
not significantly enriched due to sparsity of the underlying networks. There was enrichment of 
some FAN-like motifs in which two genes were regulating the same gene pair however they are 
not found to be biologically important (Ingram et al., 2006). In our view, one might exclude 
these motifs from the algorithms. This might reduce the number of statistical tests and 
underlying multiplicity issues. Reducing the number of comparisons by removing unnecessary 
calculations increases the power of tests and controls the experiment-wise errors. 
Interestingly the biparallel 4 node interactions were mostly found between meristem identity 
genes SEP3, AGL24, AP2, AP3, AG, WUS and integrators LFY, AP1, SOC1, FT, and FD. It 
indicates that these motifs and their interaction patterns might be important for the cross talk 
between integrators and meristem identity genes.  We also observed one diamond motif among 
circadian clock core oscillator genes LHY, CCA1, TOC1 with GI (Figure 3.12). However, the 
edges following the diamond patterns were provided by literature search (Figure 3.13). 
LFY and SEP3 play important roles in flower development through diamond motifs 
Our analysis identified two motifs of high-confidence interactions (confirmed direct interactions 
in AGRIS) formed by the interaction of integrators like LFY and AP1 and meristem identity 
genes AG, SEP3 and AP3. LFY is the top gene of one of the motifs while SEP3 is for other. AG 
and AP1 act as middle genes and the signal is finally converging at AP3. LFY is expected to play 
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a vital role in mediating the early floral patterning that helps synchronize the expression of floral 
homeotic genes highlighted in ABC model (C. Liu et al., 2009b). LFY is known to act 
downstream of SOC1, which has been shown to attach to the LFY promoter through the CArG 
box (Blazquez et al., 1997; C. Liu et al., 2008). LFY is also known to activate API, which 
belongs to class A genes and determines the identity of parianth (Alejandra Mandel et al., 1992). 
LFY, AP1, and UNUSUAL FLORAL ORGANS (UFO), an F box gene are known to jointly 
activate APETALA3 (AP3), a class B gene that determines petals and stamens (M. Ng & 
Yanofsky, 2001). LFY, in combination with a homeobox gene WUSCHAL (WUS) activates 
AGAMOUS (AG) which specifies the identity of stamens and carpels (Lenhard et al., 2001). LFY 
is known to activate meristem identity gene CAULIFLOWER (CAL) directly or indirectly while 
forming a feed forward loop with LATE MERISTEM IDENITY 1 (LIM1) (Saddic et al., 2006). 
SEP3 is known to act downstream of FT and SPL3 and plays an important role in flowering in 
response to ambient temperature (Hwan Lee et al., 2012). SEP3 is also known as a co-regulator 
of LFY and flowering time genes SOC1, AGL24 and SVP are known to play important role in 
activation of B and C homeotic genes by directly controlling SEP3 (C. Liu et al., 2009b). Here 
we found that both genes LFY and SEP3 act in similar fashion using similar diamond motifs. Our 
analysis indicates that both LFY and SEP3 act similarly in flowering regulation in response to 
photoperiod or ambient temperature pathways. LFY acts downstream of photoperiod genes and 
activates AG and AP1 which then activate AP3 whose activation and high expression is needed 
for the development of floral organs. The motif formed by SEP3 seems to be working in a longer 
time scale. We observe a confirmed positive feedback loop between AG and SEP3 coupled with 
positive auto-regulation (PAR) of both. There is a great chance of interlocking irreversibly into a 
steady state while retaining the memory of the input signal. We propose here that these two 
motifs work together; the first one (LFY/AG/AP1/AP3) proceeds the second (SEP3/AG/AP1/AP3) 
and initiates the signals for flower development. SEP3 receives its input signal and maintains its 
memory for longer duration. It provides a continuous activation of downstream genes, 
specifically AP3 that might be crucial in flower development. Clarification of the time and space 
specific actions of these genes and regulations will help to understand the biological importance 
of these motifs.   
 196 
3.4 MATERIALS AND METHODS 
 
Obtaining lists of genes belonging to different functional categories 
Our first objective was to identify potential candidate genes involved in different developmental 
and/or regulatory pathways in Arabidopsis. We obtained lists of genes belonging to different 
categories of functions. Our searches were based upon different molecular and/or microarray 
experiments. These include 199 genes involved in Flowering, 223 respond to Nitrate (Krouk, 
Mirowski, LeCun, Shasha, & Coruzzi, 2010), 170 in Salt stress (Dinneny et al., 2008), and the 
genes regulated during disease conditions (221) and sugar metabolism (245) (word based 
searches were used for the last two groups).  
Arabidopsis Gene Regulatory Information Server (AGRIS) 
In order to identify the already known gene interactions for our genes we explored Arabidopsis 
Gene Regulatory Information Server (AGRIS), which is an information resource of promoters, 
transcription factors (TF) and their target genes (Davuluri et al., 2003). AGRIS contains three 
databases, AtTFDB (Arabidopsis thaliana Transcription Factor Database, AtcisDB (Arabidopsis 
thaliana cis-regulatory Database and AtRegNet (Arabidopsis thaliana Regulatory Networks). 
AtTFDB has information about 1851 TFs, divided into 50 families (identified by Hidden Markov 
Model searches) and 61 binding sites for 54 TFs, where some TFs might share binding sites there 
were more binding sites for some TFs. AtcisDB stores information about Cis Regulatory 
Elements (CRE) and their occurrences in promoter regions of genes. AtREGNet had 64 TFs, 
8130 target genes and 11354 interactions (1326 TF-TF). The interactions were classified as 
activation, repression or unknown where the exact nature of interaction was not clear. Confirmed 
interactions had exhibited the binding of TF to the regulatory region of target and invivo 
evidence of regulation of target by TF was available. e.g AtbHLH15  has 750 direct targets (as 
identified by Chip-chip) but 11 were found to be regulated in microarray studies (Davuluri et al., 
2003). After obtaining the interactions of our genes of interest, we reconstructed their networks 
using cytoscape (P. Shannon et al., 2003). The network had an uneven in and out degree 
distribution where few nodes dominated the network. Network density was 0 and due to sparsity 
of network we had issues in identifying significant network motifs.  
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Selection of microarray expression data 
We searched and selected some interesting microarray studies involving a combination of factors 
relevant to our datasets. These time series studies include, response to cold (B. Lee, Henderson, 
& Zhu, 2005), salt stress (Dinneny et al., 2008), IAA response (Vanneste et al., 2005; Redman, 
Haas, Tanimoto, & Town, 2004), Diurnal gene expression ( Bläsing et al., 2005), pollen-pistil 
interaction (Boavida, Borges, Becker, & Feijó, 2011), PO4 deficiency (W.-D. Lin et al., 2011), 
response to singlet oxygen (op den Camp et al., 2003) and disease response dataset from Gene 
Expression Omnibus (GEO) (GSE 5752) carbohydrate metabolism through diurnal cycle 
(GSE6174) and NO3 response (Krouk et al., 2010). 
Selection of appropriate motif finding software 
There are different tools available for motif detection like, mfinder (Kashtan et al., 2004), 
FANMOD (Wernicke & Rasche, 2006), MAVISTO (Schreiber & Schwöbbermeyer, 2005) and 
PAJEK (Batagelj & Mrvar, 2004). Mfinder has both command line versions as well as graphical 
interfaces however it takes really long to find 4 node motifs. For example for a network size of ~ 
8000 nodes and ~ 10000 with it was unable to enumerate all four node subgraphs (7 X 1010 of 
size 4) on 2.8 GHz processor with 4 GB ram in two weeks whereas FANMOD was able to finish 
this task in around 2 hours. Pajek searches for all occurrences of a pattern in a network, however 
counting of subgraphs and statistical siginificance testing in comparisons to random graphs are 
not sufficiently supported (Wernicke & Rasche, 2006). MAVISTO requires much processing of 
input files to obtain required format. Since our interest was to identify and compare 4 node 
diamond motifs across different datasets, we wanted to identify significantly enriched 4 motifs in 
real versus random networks (P < 0.05). We selected FANMOD as appropriate software for our 
datasets. However our analysis did not yield any interesting motifs. We figured out later that it 
was the correlated with sparsity our networks. To overcome this issue we utilized a recently 
developed network interaction identification technique known as CaSPIAN (Causal Subspace 
Pursuit for Inference and Analysis of Networks) (Deng, Emad and Milenkovic, 2012) 
CaSPIAN 
CaSPIAN (Causal Subspace Pursuit for Inference and Analysis of Networks) (Deng, Emad & 
Milenkovic, 2012) is a novel algorithm, specifically designed for inference of interactions in 
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gene regulatory networks (GRNs) using the compressive sensing (CS) framework. CS (Candes 
and Wakin, 2008) is a new paradigm, developed during the past few years, for finding the values 
of a large set of unknowns using a few linear measurements, leveraging the side-information that 
most unknowns have value equal to zero (sparsity condition). By modeling a GRN as a dynamic 
system, and using the sparsity of this network (small in-degree of the genes in the network 
compared to the total number of genes), CaSPIAN I formulates the dependency of time-course 
gene expressions of the GRN as a CS problem. In particular, in order to find which genes 
causally affect a so-called   “target   gene”,   this algorithm forms vectors of expressions (called 
profiles) of all the genes at different time points; then using a method called List Subspace 
Pursuit (Deng, Emad and Milenkovic, 2012) one finds a union of subspaces formed by the 
expression profiles of genes in past time-points that contains the expression profile of the target 
gene at the present time-point with high probability. On the other hand, CaSPIAN II uses the 
concept of Granger causality to reduce the number of false positives in the output of CaSPIAN I 
using a statistical F-test with desired significance value. In our experiments, we used CaSPIAN I 
and CaSPIAN II with two choices of time lags, 1 and 0, to infer the underlying GRN.  
Running of CaSPIAN algorithms: 
After selection and preparation of microarray based expression datasets, we used CaSPIAN I and 
CaSPIAN II with two choices of time lags, 1 and 0, to infer the underlying GRN. CaSPIAN 
algorithms were ran by Mr. Emad and Dr. Milenkovic in the Department of Electrical and 
Computer Engineering (ECE) at UIUC. In-house python scripts were used to perform the 
processing of Caspian outputs. Both CaSPIAN I and II return sets of source genes regulating the 
target genes assuming different values of in-degrees represented by parameter K. We selected the 
K value of 10 for all of our networks. For CaSPIAN II, we used an F value cut-off of 10-4 
(0.0001).  
Running FANMOD on AGRIS networks coupled with CaSPIAN 
FANMOD was run on combined networks using gene interactions in AGRIS coupled with 
CaSPIAN. Networks were further processed by python scripts to convert into formats required 
by motif finder. FANMOD was run for subgraphs of size 4 with default parameters (P value < 
0.05, 100000 samples to estimate using full enumeration, the number of random networks to be 
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generated were 1000 with 3 exchanges per edge). We found slight differences in Z scores and P 
values for test runs over same datasets, which might be due to different outcomes while 
generating random networks. To overcome this issue, we ran FANMOD five times for each 
dataset and then averaged the results to obtain better results.  
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3.6 FIGURES  
 
Figure 3.1: Different kinds of one node and two-node regulation patterns. (A) In 
autoregulation a gene either activates (Positive Auto Regulations – PAR) or represses 
itself (Negative Auto Regulations – NAR). (B) In a double positive feedback loop both 
genes activate each other while both repress each other in a double negative feed back 
loop. (C) In reciprocal regulation, one gene activates another while the other represses it.  
(D) The double feed back loop can be locked irreversibly into a steady state, which can 
be achieved by autoregulation or an input signal or a combination of both. (E, F) A signal 
on either side is sufficient to achieve a steady state.  
 
 
A
B
A
B
A
B
A
A
A B A B
A B A B
A B
E F
C D
 207 
 
 
 
Figure 3.2: Representative types of three-node motifs. A double feedback loop (positive 
or  negative)  might  be  regulated  by  a  common  gene  forming  a  ‘Regulated  feed  back  loop’.  
In the same way a double feedback loop might regulate a common gene forming a 
‘Regulating  feed  back  loop’.  A  Feed  Forward  Loop  (FFL)  is  characterized  by  presence  of  
a master regulator, which regulates a second regulator and both then regulate a common 
target. Fans are formed by a single gene regulating two genes, these are not true motifs 
though. 
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Figure 3.3: Important type of four-node motifs. (A) Bi-Fan is formed if two genes 
regulate the same pair of downstream genes. (B) Four nodes form diamond motifs where 
a gene regulates two genes, which further regulate a common target. (C) Diamonds 
sometimes also combine to form multilayer perception motifs which is observed in 
signaling proteins. (D)There are many kinds of four node motifs depending upon the 
number of links that range from minimum 3 to a maximum 12 links.  
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Figure 3.4: Experimentally identified network motifs. A) CO activates FT and TFL1 
expression; FT then activates AP1 whereas TFL1 and AP1 form a double negative feed 
back loop. B) A similar motif is formed where SOC1 replaces CO while rest of the 
interactions remain the same. 
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Figure 3.5: Pipeline for performing motif identification using mFinder. Whole 
network is coded into a numeric matrix which is the submitted to mFinder for 
motif identification. Outputs are then processed by another downstream package 
mDraw, which draws the network identifying the nodes where one might find any 
motifs (highlighted here as colored edges). 
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Figure 3.6: Enrichment of FAN (ID6) in AGRIS dataset using mFinder package. This motif is formed in high frequency in all 
networks due to connection of same source gene with two or more target genes. 
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Figure 3.7: Three-node motifs detected in flowering gene network using AGRIS information. As expected, ID 6 (FAN) was 
highly over represented (~ 99% of the total motifs) in all datasets. ID 108 is an example of regulated feedback while ID 46 is 
regulating feedback motif.  
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Figure 3.8: Arabidopsis flowering gene network of based on TF-Target information in 
AGRIS (Davuluri et al., 2003). Node size correlate with out-degrees that is; genes 
influencing more genes (higher out degrees) are shown bigger. Node colors represent 
different categories of flowering genes as shown in legend. Transcription factors are 
presented as diamonds. Degree distributions (shown below) follow power law where few 
genes dominate the network with maximum connections. Network is sparse having 
density ~ 0. 
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Figure 3.9: Properties of CASPIAN based network. A) Graph representing network 
densities of different networks for our datasets using different flavors of CASPIAN. 
CASPIAN1, CASPIAN1-C (using causality), CASPIAN2, CASPIAN2-C.  B) Degree 
distributions of flowering genes network using CASPIAN II C (F4 K10). 
 
 
 
00.02
0.040.06
0.080.1
0.120.14
0.160.18
0.2
CASPIAN1 CASPIAN1C CASPIAN2 CASPIAN2C
N
et
w
or
k 
D
en
si
ty
 NO3 ResponseSalt StressSugar MetabolismDisease ResponseFlowering
A 
B 
 215 
 
 
2510 6862 2254 6350 8910 17102 
     
 
2758 17054 18638 2758 16798 8844 
     
 
 
Figure 3.10: Significantly enriched four node diamond motifs in flowering gene networks using 
AGRIS information coupled with gene interactions derived from CASPIAN. Four nodes can 
have three to twelve links. 
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Figure 3.11: Different combinations of genes arranged into diamond motif ID 8844 (total 13 
motifs). Edges provided by CASPAN are shown in blue whereas green edges are derived from 
AGRIS.   Arrow   shapes   represent   activation,   repression   is   shown   by   ‘-|’   while   unknown  
interactions are shown by diamond <> shapes directed to target genes.  
 
 
 
 
 
 
 
ABI5
SEP3
SPL3
NFYB8
VRN2
ELF6
AGL15
SEP3
FIE
ESD4
AGL15
AP2
AGL15
EMF1 ELF6
VRN2
AGL18
AGL15
COL5
PHYC
PHYC
AGL18COL5
SEP3
AP1 PI
SEP3
HUA2
ELF6COP1
VRN2
TEM1
VRN2
COP1
FLC
ELF6
VRN2
COP1
FLC
ELF6
PI
HUA2
SEP3
ELF3
TEM1
SEP3
ELF6
VRN2
SPA1 PI
SEP3
HUA2
 217 
 
 
 
 
 
 
Figure 3.12: A sub-network within Arabidopsis gene network where the probability of finding 
network motifs is higher. This region is highly represented by meristem identity genes (sky 
blue), integrators (green) and light signaling genes (yellow), a couple of vernalization genes 
(white) and a Gibberellic acid (GA) related gene (purple) is shown to participate. Edges in green 
are derived from AGRIS while blue are added through literature survey. Arrow shapes represent 
activation,  repression  is  shown  by  ‘-|’  while  unknown interactions are shown by diamond <> 
shapes directed to target genes.
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Figure 3.13: Different 4 node motifs (Bi-parallel) formed within the flowering gene network using gene interactions from AGRIS 
(green edges), coupled with the edges obtained from literature survey (blue edges).  
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